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Intelligent Information Filtering via Hybrid Techniques: Hill Climbing, Case-Based
Reasoning, Index Patterns, and Genetic Algorithms

Abstract

As thesize ofthe Internet increases, the amountdata available tousers has
dramatically risen, resulting in an informatiomerload for users.This work shows that
information overload is a problem, aticht data i®organized poorly by existingrowsers.

To address these problems,iatelligent information news filtering system naméd-OS
(Intelligent News Filtering Organizational System) wesated to reduce the user’s search
burden by automatically eliminating Usenet news articles predicted to be irrelevant. These
predictions are learned automatically by adapting an intessmodelthat isbased upon
features taken from articles and collaborative features derived dtber users. The
features are manipulated through keyword-based techniques, knowledge-based
techniques, and genetic algorithmshiald a usermodel to perfornthe actuaffiltering.

The integration of knowledge-based techniques for in-depidlysis, statistical and
keyword approaches facalability,and genetic algorithms for exploratiafiows INFOS

to achievebetterfiltering performancehan by using either technique alone. Experimental
results collected frorthe prototype of INFOS validate tlgain in performance within the

domain of news articles posted to electronic bulletin boards.
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1. Introduction

As networkedsystemsgrow in size, the amount oflata available tousers has
increased dramatically. The result is an informatwearload for the userThis project
has investigatedhe uses of anntelligent information filtering system namddlFOS
(Intelligent NewsFiltering Organizational System) teduce the user’'s search burden by
automatically eliminatinglata predicted to baerelevant. Unlikethe majority of news
readers that require usersexplicitly create a useprofile to perform filteringNFOS is
capable of learning this profile automatically. These predictions are learned by adapting an
internalusermodelthat isbased upon user interactions and collaborative actioothef

users. The primary domain for the project is the filtering of Usenet news articles.

1.1 The Information Overload Problem

With the advent of networkedystems, computer useese inundatedwith
information that they cannotefficiently utilize. Tools areurgently needed to assist the
user withinformation filtering devices imrder to reduce thaser’s search burdenThis
project hasexaminedhe Usenet Newsystem as #estbed for thdiltering algorithms. In
the Usenesystem, userghroughout the worldntermittently post articles to a common
bulletin board. Thenumber of articlepostedmay bevery large;e.g., newsgroups may
receive hundreds of articles dailiffhese messagese queued temporarily, and removed
in a FIFO manner. Note that there is a constant throughput of messages nasssages
replace old messages. Consequently litetme of a messagenay beanywhere from a
week to several months, dependingtba amount otraffic. Nevertheless, there is a
huge amount of data ithis message stream. the UC Davis newsspool, over 1.4

gigabytes of disk space is requiredstorenews messages ahy time. These messages



are spreadut acrossapproximately 5000 newsgroups, resulting in approxima&8/900
new messages delivered each day. The large volumatamakes it extremelylifficult
for a user to extract useful information.

The goal of thisproject is to predict whether new articles #kely to be of
interest, ornot of interest, based upon the pribehavior ofthe user. Systemsthat
perform this type of intelligent behavior have recently beened agntelligent “agents”
(Riecken, 1994) by the media. TWwerk proposedere followsthe same veinthe system
is intended to aid the user in his or her work rather than takecowmletely. Thesystem
mustwork besidethe userike an aide oagent, watching anéarning whathe user does
and what the user is interested in that intelligent filtering may be performed. The
filtering task is arextremely fuzzy andifficult problem to solve sincasers are notorious
for their inconsistencies in behavior and interests. Fromaahine learningerspective,
the problem issimilar totrying to approximate a curve based upon disaleta points -
except in this case¢he functionthe machine is trying t@pproximatemay change at any
time.

One of thdifficult constraints imposed by this type of problernthisnecessity for
dealing with change.Many learning algorithmsequire repeatettaining epochover a
fixed data set. In the Usenet Newsoblem, thedata set isconstantly changing as
incoming messageme posted. To ensucensistencyhe method would need &iore all
messages ever posted. This is clearly undesirable duettméheequirementfor training
and the space required storeall messages. Most approaches toitfi@mation filtering
problem bypass this problem by forcitige user todefine explicity whatshould be
filtered, e.qg.,via akeywordbased database language (Goldberg2l99 Keywords or
tokensare simply words otlexical itemsdevoid of any of the semantic information
regarding those tokens.

Although keyword based systems have been popluarto theirsimplicity, the

performance of keyword systemdtimately suffersdue to the “keyword barrier.” As



described by Mauldir§1991), the keyword barriaarises sinc&keyword systems do not
actually understandthe semanticcontent of the input articles. On tlo¢her hand,
understanding systems consider semantic content by processing articles in asmalaner
to humans. Understanding systems can bteakkeyword barrier andchieve higher
performance. Amiddle ground can be chieved through a hybrid systemthat
incorporates keywords aridhited semantiknowledge. The expected performance of a
hybrid system ishown in figure 1 along witthe expected performance of keyword and

understanding systems as projected by Mauldin.

understanding
Performance

hybrid/partial understanding
keyword barrier

keyword

Scale/Knowledge

Figure 1 : Expected System Performance vs. Scale/ Input Knowledge
for Keyword-Based, Understanding-Based, and Hybrid-Based systems.

Figure 1 indicatethat understanding-based systems perftnast in the long run.
However, theincrease in performance is accompanied with a much lagsr(time,
systemresourcescomplexity) thanthe othersystems. A larggortion of the cost is
comprised of themassive volume of mal-coded knowledgéhat must be input by
knowledge engineers. In addition to thiene requiredfor human input, as more
knowledge is added to tlsystemthe number of relationships among pieces of knowledge
increases. Thandle this complexity, cognitiygrocesses must be modeled toliigently

relate the knowledge. As a result of the lacgst, it isextremely difficult tocreate a



successful understanding-based sydtesih operates onlarge scale. On thether hand,
keyword systems dnot require such intricate processes, knowleage,detailedhuman
intervention. Consequently, theost of creating keyword systems Isw. Finally, a
hybrid systenthat incorporates aspects widerstanding systems with keyword systems
requires asmallercostthan pure understandirgystemsput a largercostthan keyword

systems. The cost of all systems as knowledge increases is shown in figure 2.

understanding
Cost

hybrid/partial
understanding
/ keyword

Scale/Knowledge

Figure 2 : Expected System Cost vs. Scale / Input Knowledge
for Keyword-Based, Understanding-Based, and Hybrid-Based systems.

This thesis focuseprimarily on hybrid system$or Usenet newdiltering since
these types of systenremain largelyunexplored. Additionally,hybrid systems are
capable of providing better performance than keyword systémis also restrictingcost
within manageable levelsThe scalability of hybrid systems combinegth their improved
performance over keywordystems makes them a good candidatea powerful yet

practical package that internet users can immediately utilize and modify to fit their needs.



1.2 Usenet News Background

The Usenet news system is a distributeediumwhere individual servers spool
and forward messagélroughout the network. News is broadcagth a headefield
attached to each message denotimg destination newsgroup along with the sender,
topic, andotheraccounting information. Newsgroups dumerarchical. As an example, at
the upperlevel exists the “comp.” newsgroupsdealing with computers, “rec.”
newsgroupslealing withrecreation, or “alt.” newsgroupealing with alternativéopics.
Indexed beneath these categories are mspegializedtopics, such asmacintosh” or
“artificial intelligence”, andfinally a third or more subcategorization exists qpecialize
the newsgroup further, such as “games” or “genetic algorithm&xample of a complete
newsgroupmay bedenoted as “comp.ai.ga” for tlkemputer/artificial intelligence/genetic
algorithm discussiogroup. Note thatjespite the categorization, somessagemay be
relevant to more than one newsgroup and messages are often posted in the flaang”
This problem has beeaddressed by Stevens through the uséviofual” newsgroups

(Stevens, 1992). Some sample newsgroups are listed in figure 3.

Newsgroup Title

comp.ai Artificial intelligence discussions.

comp.ai.genetic Genetic algorithms in computing.

comp.ai.edu Applications of Artificial Intelligence to Education

comp.ai.nat-lang Natural language processing by computers.

comp.theory.info-retrieval Information Retrieval topics (Moderated).

misc.forsale.computers.monitors Monitors and displays for sale and
wanted.

misc.forsale.computers.modems Modems for sale and wanted.

ucd.life Davis Chatter.

alt.fan.letterman.top-ten Top Ten Lists from Letterman (Moderated).

Figure 3: Sample Usenet Newsgroups.
(The moderated newsgroups require a moderator to accept submitted articles
before posting to the public.)



Two sample articles that may be posted to these newsgroups are shown in figure 4.
The message headers indiddie author, subjecand newsgroups. Thep message may
be of interest to Al researchemhile the bottommessage is a chaletter. Messages
such as the chain letters are often targets readsingto have filtered out.However this
is dependent upoindividual user preferences, as some read®yg beinterested in chain

letters.

Subject: Al, Genetic Algorithms and Artificial Life
From: ai@ hyperion.ucdavis.edu
Newsgroups: comp.ai

>what is your work?
My latest research on an artificially evolved critter unifying all aspects
of Artificial Intelligence is available at http://phobos.cs.ucdavis.edu:8001.

Subject: Make Money FAST!
From: grog@ netcom.com
Newsgroups: comp.ai, alt.life, alt.food.chocolate

This is a chain letter. Send $5 to everyone on the list, then add yourself.

Joe did and made $5,000,000. DO NOT break this chain or a terrible fate
shall befall you! Noooo! :-)

Figure 4: Sample News Articles

As Usenet news has evolved, an electronic cultummmunity complete with its
own social interactiondias arisen with rules oétiquette, colloquialisms, andother
expressionsiot found in thegeneral community ofvritten media. For example,words
with thenumeral “0”substituted for “O” indicate a brazéelite” attitude,while words in
all uppercase denote shouting, sideways “smiley faces :-)” denote facetious or
humorous remarks. These subtheodifications to languageare referred to as
paralanguage. Other examples of paralanguage include the use of aléribtematerial
from previouslypostedarticles, or repeated letters as‘wellll’ to denote hesitation are
alsocommonlyfound. Anexample of paralanguage is showrthe bottommessage of

figure 4. The “Nooo” indicates a humorous intonation not present with a simple “no”, and



the smily face indicateshe message is to be taken in jest. flilty understand messages,

all of these factors must be taken into account. Often, nevelmllious users do not
conform to these rules, and the resnlty bevicious “Flames” orpostedarguments and
offenses complaining about others. Many users regard flames as a waste of bandwidth, and

are an excellent object for a filtering system to remove.

1.3 Usenet News Interface Display

In a conventional new®aderwhen usersead messages in a newsgroup they are
given a list of articles in whickhe authorand subject ardisplayed. These articles are
sorted by “thread.” A thread is simply article andall replies tothatarticle put together
into a group. Bygrouping messages in this wdkie context of amrticle is maintained
and articles are easier to understanidpically, users will read entire threads at once
before proceeding on to the next threadsafple ofhow articles from the BRN news
reader aralisplayed is shown in figure 5Users are showmessages in this format and
must select those of interest to read.thiis examplethree separate threads are shown.
The first thread containgnly one messagewhile the second thread contains gmest
from Marvin Minskyand threeeplies to higost. Similarly, the third thread contains one

post from Richard Ottolini and one reply.

a G Demetriou 1 >Approximate string matching
b Marvin Minsky 4 >Al Heaven
Andreas Sigg
Andreas Sigg
Nancy Lebovitz
¢ Richard Ottolini 2 >Does Al make philosophy obsolete?
jfrenst@ibm.net

Figure 5: Sample STRN browser screen, messages sorted by threads

While this format fordisplaying messages is usefioit browsing, it can bélifficult

to find aparticular message wheinere are hundreds, ewven thousands, of messages to



browse through Additionally, whilethe authoand subject of a message give a good deal
of informationabout thearticle, this information can sometimes imgsleading since no
information fromthe body of the article iglisplayed whilebrowsing. A common
phenomena is fahe subject ofnessages to “drift” fronthe original subject as replies are
made tothe original message. Often this cegsult in messages containitige original

subject but displaying a completely different content.

1.4 Major Issues in Information Filtering

To create anntelligent information filter,three major issues must be addressed:
(1) A method tomodelthe user’'s goals, actions, expertise, interests, or beh#®2joA
method to extrackey definingfeatures from the input articleext or understand the
content of the article, an(8) A method toclassify the inputtext based on thelefining
features from the user model and input text.

An intelligent news filter must be able to distinguish artithed the user is
interested in from articlethat the user is nanterestedin. Sinceusers havalifferent
preferences for what makesaterial interestinghe newdiltering systemmust beflexible
enough to modethe interests oevery individualuser. In INFOS, the usenodel is
automatically created as the user reads articles and provides feedback as to whether or not
the articles were interesting or not interesting. If necessary, the abé t® directly edit
the model created by the system.

Before a usemmodel can beused, or even created, newasticles must be
understood by theystem to someegree. Foinformation filtering, incoming articles
must be understoodell enough so that the contes#gn be compared with the useodel
to determine if there is a matchlltimately, complete semantic understanding &siman
reader would process the text is mdssirablebut alesser degree of understanding is

often sufficient for the purposes dfiltering. In INFOS, keywords from the body and



subject of the article, thauthor,reviews byother usersand an abstraction hierarchy of
concepts from the article are extracted as featureetermine what an article &bout
and whether or not the user is going to be interested in reading the article.

After a usermodel has beenonstructed andtey featuresextracted frominput
articles, an algorithm is necessary dassify new articles. In information filtering, the
classifier'stask is todeterminethe interestevel of aparticular document with respect to
the current user. INFO&mploys a statisticdeyword-based classification scheme along
with a case-based reasoning scheme to determine an itdeed$br a new document.
By combining both methods, INFOSjains increased precision frothe case-based
reasoning scheme along with teealability ofthe keywordscheme. Furthermore, by
applying agenetic algorithm to a population of user models, INFOS is capable of

exploring the virtual space of news articles to find other articles which may be interesting.

1.5 Overview of INFOS Architecture

To filter news articlesINFOS first presentshe user with unread news articles.

The user is allowed to browse these articles, and is then promptleddibythosearticles
that are read aseing interestingnot interesting, or unknown. After new messages are
read,two usermodelsare created. Thelobal hill climbing tableis a model consisting

of keywords pulled fronthe articles, thauthor of thearticle, collaborative reviews from
other users,and statistics regarding thieequency of these features atide three
classifications. Thiglata is used for keywordassification of new articlesThe case-
based abstraction hierarchig a model consisting @dhe semantic meaning afords that
INFOS determines to be relevant to the news articles along wittatbsfication othose
articles. Thisdata is used talassifynew articles at the concelgtvel. The computing

resources required to manage the case-based abstraction hierarchy is the more complicated
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of thetwo methods, requiringignificantly more processingime and diskspace, buthis
method is capable of performing non-linear classifications.

Once the usemodels have beecreatedwhen new articles need to bkassified,
the global hill climbingapproach is invoked firstThis approachnvolvesthe lookup of
keywords and features matching a new article inglbbal hill climbing table, and then
usingthe statistics associated with these features to compalésaficationfor the new
article. Experimental resul®iggest thaglobalhill climbing is useful as a quick, first-pass
method that is siple to implementand relativelyerror free. However, if theglobal
method returns an unknowdassification, thenthe case-based reasoningodule is
invoked. Thisapproach attempts tiind case articles imemorythat aresimilar to the
new article by matching the concepts present in the new article with those in the case base.
The classification of retrieved cases is thesed toclassifythe new article. The case-
based methodnay run in parallel with the global method although this was not
implemented in INFOS. The case-based reasoning modhylalso be invoked separately
in order toperform information retrieval from previoustgad documents. In addition to
the case-based procedimited parsing ofthe input articlesmay also be performed to
further refine the filtering or retrieval process.

Finally, agenetic algorithm is applied to a population of user modetzder to
explore the space of news articles. Genetic algorithms are based upon Darwinian
survival of the fittest; user models compete with each other, and those which perform
well survive and create offspring, while those which perform poorly die. Over many
generations, the resulting user models become more and fitdbr@nt model the user’s
interests more closely. By combining a variety of user models together, the space of

news articles is explored while also converging upon a user’s interests.
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1.6 Outline of Dissertation

Chapter 1 has provided an overview of thisrk and an introduction to thiesues
involved with Usenet news and information filtering. Chapter 2 explores these fissues
a psychological perspective. In addition to describing psychological isbaesisers
experience during information overload, an experiment w@sducted todetermine
whether omot aninformation filter is necessafpr Usenet news and &xaminepatterns
of user behavior as news articles are read.

An overview of the architecture andlgorithms implemented iHNFOS is
described in chapter 3. A detaileshalysis ofthe global hill climbing method and
experiments is given iohapter 4, the case-based reasoning method in chapter 5, and the
genetic algorithm scheme in chapter 6. The technique of partial paisimglexpatterns
to improvethe performance of thechemes discussed a@hapters 4-6 iglescribed in
chapter 7.

A description of relateavork in information filtering is given irchapter 8. This
chapterincludeswork in information retrieval asvell as user modeling. Finally, the
current status of INFOS and futumeork is presented in chapter &nd concluding

remarks about the entire work presented in chapter 10.
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2. Psychological Motivation and Experiment In User Behavior

What is information overload? In Stevens’ thesis (Stevens?)l8#ormation
overload isdefined from a psychological perspective. A common measure of information
overload is that overload occushien humansare presented with 10 or matems which
fill short-termmemory, or when a decision maker's capabilitesnot operateuickly
enough to attend tall of the incoming information (Simon, 981). Depending on the
domain, information misseahay becrucial (e.g.,air traffic control) orminor (missing an
interesting article). One of the resultsimiormation overload is boredom; Klagh986)
reported that boredom is proportional to the amoumiogde inthe nformation,but the
definition of noise varies with differenisers. Consequently, it is important for any
filtering algorithm to conform toindividual user preferences rather thgne-defined
parameters or stereotypes.

When confronted with an overload wifamiliaritems, Thukrareports thapeople
use a negativbias heuristic to seletieitems to examine imore detail (Thukral1983).
This entails filteringout items based upon negative characteristiather thanselecting
items based upon positive characteristics. Cheenumber of items waseduced,
positive attributes were considered. Thiegman heuristicsuggest thasimilar methods
for a computerfiltering systemmay result in similar performance. Moreover, both
positive and negative heuristics should be considered.

Actual strategies suggested for humans to redoicemation overload can be
categorized as (Shickt. al., 1990) managing timemore efficietly, fewer tasks to
perform, having more time available, and expandiribe size ofthe workforce. All of
these strategies can be utilized through an intelligent filtering system; time will be managed

moreefficiently sinceusers will have less information to deal with, resulting in ntione
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to concentrate on the selected articles. filkexing system itself can be viewed as an
agent or worker to help the user discriminate different messages.

In the domain of news filtering, a study by Stadnyk and Kdsstified five key
categories readers useddigcriminate among messages (Stadnyk & K&8982). These
categoriesinclude Domainconcepts (semanticdescribingthe subject of a message),
Goals (user interests), Message types (message classes), Message characteristics
(contextual informationabout messages), and Relations (relations between goals and
domainconcepts). Stadnyk and Kagsoposerulesthat apply totheseprimary category
types to aid in modelingnportant user features so as to impravermation filtering.
Their results imply that a filtering agent will require knowledge ofdibvmain andhe user
for best results.

An additional psychological problenthat relates to Usenet News is the
“vocabulary” problem (Furnast. al., 1987). This problem refers the misconceptions
based on ambiguous terms of different newsgroepsexample, aisermay mistakenly
search the newsgroup “comp.sources.unix” for source tuateisreally indexedunder
“‘comp.sources.x”. Stevens attadkss problem by allowingisers todefine their own
virtual newsgroups (Stevens, 1992). Anothessibleapproach to bemployed in this
project is to have thdiltering systemsuggest articledikely to be of interest from

newsgroups the user may not be actively reading.

2.1 Examining User Behavior with Usenet News

The psychological issues surrounding information overtaaghest thaprinciples
such adlexibility, positive heuristics, and negative heuristics should be integrated into a
filtering system. However, although amumber of systems have beereated tofilter
Usenet news, an importabisic question has remained unexamined: Is a fibeen

necessary in this domain3tudies haveot beerperformed to determine whether or not
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filters are necessary. The users’ current form of browsnay already giveadequate
performance.How manyarticles are users currently readihgtthey would prefenot to
read? Converselyiow manyarticles are usensot readingthat they would like to read?
We conducted a study to answer these questions.

In this study,the classification of articlesvas compared when users browsed
articles with a conventional news reader with situations when wseesforced to read all
articles. In a conventional newsader, users argiven a list of articles in which the
author and subject are displayed as shown in figure 3. As described previously, the subject
of a messagaloes not alwaysaccurately describ¢he content of a messageThis
experiment investigated whether oot this format for displaying messagegrovided
sufficient information for users to pick messages of interest accurately.

The experimental resultbat follow indicatethat the currensystem of browsing
results inmany messages that users dot read, butwould be interested in reading.
Furthermore, the results indicate that users ofteange theimind about whethethey
like or dislike a particular article. These results suggest that afittewsvould be agreat
aid in finding articles likely to be ahterest that araormally missedndthat theaccuracy

of such a filter will be limited due to human inconsistencies.

2.2 Examining User Behavior - Experimental Method

The newsgroup selected for this study whe ucd.life newsgroup. This
newsgroup was selectsthce all ofthe subjects in the study were UW@vis students and
the newsgroup coversvariety of topicdikely to be ofinterest to theyeneral community.
Most other newsgroups weteo narrow to contairmessages of interest to a general
group ofsubjects. Furthermore, this newsgroup receives modeaéfie (approximately

50 messages a day) swtfiltering may beuseful. The subject matter of this newsgroup
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varied from Want-Ad postings to discussing crime in Davis. A selectidopats from

the articles used for this experiment are:

Any bad experience with J str. Apts?
Art 111 home page

Bicycle geeks

Bunbun'’s reality revisions

Furniture for sale

Unabomber in Davis

Davis Police Department

Proper English

144 sequentiallypostedmessages frortine newsgroup were selected for the study.
These messages weserted into threadand displayed teéhe user in the standargbws
readerfashion, givingthe authorand subject, as shown in figure 3. Usesmsre first
instructed to browse the articles @y normallywould, and read thosarticles that
looked interesting. After a user read an article,siystem askethe user taclassify the
article as beingacceptedif she was glad she redtde article and found it of interest,
rejected if she really didnot want to read tharticle, orunknown if she is unsure or
ambivalent. In this manneall of the articles the user decided to read dubngvsing
were assigned a classification of accepted, rejected, or unknown.

After the browsing phase was complete and the subjects sagséiedthat they
had readall the messages they felt would be ioterest, the subjects were instructed to
read all 144 messages. For each message, users gave a classifieatteptef, rejected,
or unknown. If theexisting methods$or displayingarticles is sufficient and no filtering is
necessary, then thmessage classifications durirtige browsing phase shoultosely
match the message classifications from when all messages are read.

A total of 14 unpaid volunteer subjects participated in this study. All subjects were
UC Dauvis students, 2 of them graduate and 12 of them undergraduate students. All
subjects werdamiliar with existing newgeaders and had read thed.life newsgroup in
the past. With the exception of the graduate studentsuthjects weraaiveabout the

purposes of the experiment.
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The results showinthe classifications of messagés each tessubject and their

totals are shown itable 1. Articleghat were not readuring the browsing phase were

classified asunknown, along with articles the user read afadsified asunknown. In

addition totallying the totals, theflip-flops were also counted.Flip-flops count the

number of messagesad during both the browsing phase andalhenessages phase, but

which were classified differently by the subject.

Browse | Browse | Browse Total | Total Total Total | Flip- Flip
Accept | Reject | Unknown | Accept | Reject | Unknown | Flip- | Flops | Flops
Flops | -to+| +to-
Subj 1 6 9 129 81 30 33 8 7 1
Subj 2 5 6 133 45 3 96 8 5 3
Subj 3 32 6 106 42 82 20 3 2 1
Subj 4 4 1 139 42 82 20 3 1 2
Subj 5 24 9 111 80 39 25 11 5 6
Subj 6 33 23 88 58 41 45 11 7 4
Subj 7 7 5 132 48 66 30 7 4 3
Subj 8 14 9 121 36 107 1 8 2 6
Subj 9 33 18 93 40 43 61 13 7 6
Subj 10 21 2 121 8 7 129 19 1 18
Subj 11 13 6 125 73 29 42 8 6 2
Subj 12 17 4 123 68 35 41 3 3 0
Subj 13 2 8 134 9 131 4 1 1 0
Subj 14 1 3 140 67 42 35 1 1 0
Total 212 109 1695 697 737 582 104 52 52

Table 1: Classification results for subjects browsing messages and reading all messages.

During browsing, messages classified as “unknown” are grouped with messages not read. The Flip-Flops

column indicates the number of messages whose classification was changed by the subject from the

browsing phase to the reading-all phase. The - to + values indicate flip-flops from reject to accept, while

the + to - values indicate flip-flops from accept to reject.

321 messages werelassified as accepted oejected by thecollective subjects

during the browsing phase. Of these 321 messages, 104&lassified differently when

the subjects were forced to realllmessages, resulting in a flip-flopte of 32%.

The

percentage of messages accepted during browsirid %, while the percentage of
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messages rejected during browsing is 5% #ed percentage of unknownessages is
84%. 20l@messages were read durithg read-all phase.37% of thesemessages were

marked as accepted, 41% as rejected, and 22% as unknown.

2.4 Examining User Behavior - Discussion on Patterns of Behavior

One of the results shown ltlgis study isthe different readingpatterns among
subjects. Some subjects, such as sulijéctreadonly a few messages during browsing,
while others read up to 50Subject 10 displayedrratic behaviorflip-flopping on almost
every messageead during browsing. Aew subjects rejected almomlt messages, while
others accepted almaait messages. The end resulthateveryuser isdifferent andthat
users are often inconsistent in their behavibor afilter to accommodatall of these
behaviorpatterns, such aystem must be able &dapt toindividual preferences rather
than conform to any norm or user stereotypes.

Despite the wide range diifferences in readingatterns, there are rmumber of
distinct modes of operation(l) browsing in general,(2) searching for specific
information, or (3) simply reading every message. In browsing, userghsoagh thdist
of messages looking for messages of inter&stpically the reader is nolboking for
anything inparticular, but whatever topiesay be ofinterest. In this experimerthe test
subjects wer¢hrust intothis category byature of the experiment. However, @mubject
reported that aftebrowsing and reading an interesting topic he searchedethaining
messages fagimilartopics. In search mode, users hawpecificagendahatthey are
searchingor. Forexample, if auser is interested ibuying a SCSICD-ROM, she may
scan through newsgroups looking specifically topics related to CD-ROM’s, SCSI, or Mass
Storage. Finally, some users simply readl messages. This sften the case for low-
volume newsgroups thabnly receivel0-20 messages a daput it is notpossible n for

high-volume newsgroups.
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These different modes of readimgply that afiltering systemmustnot only be
flexible enough to adapt tmdividual user preferences in message tops,also to the
user’s current mode. In browsing mode, $istem musidentify messageliely to be of
interest based upon previous user feedback. In search modystaen must allow the
user to input search queries to narrow fthering process. Finally, for users who read
every single message imawsgroup, there is no need fofileer andany filtering system

should be turned off.

2.5 Examining User Behavior - Discussion on Finding Messages of Interest

During browsing, the subjecisdicatedthat they were interested ionly 212
messages. Howeveaxhenthe subjects readll messages, they indicatéuat they were
actually interested imany more messages. #tal of 697 were acceptedlmost three
times the numberread during browsing. Subject 14 is arcellent example of this
phenomenon. During browsing, subject 14 acceptéglone article, but later wagally
interested in 67 articles.

One explanation for these resultshat displaying messages laythorand subject
alone donot provide enough information to allow users to pick accurdteynessages
they would like toread. Ininterviews withthe subjects after thexperiment was
conducted, 12ndicatedthat they found most ofhe articles to have different content
thanoriginally expected from readinghe subject header alone. Anotlesplanation for
the higher acceptance thatincreased reading resulted in increased interiésur of the
subjectsreported thatthey “started toget into it” after they started to readmore
messages. lother wordsreading some messages generated additional interestan
messages resulting in more messages classified as accepted.

The types offlip-flops made alssupports the theory that users’ interpgjued

after they began to read more messages. Alththefip-flops are evenly divided (52
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from accept to reject, and 52 from reject to accept), the totalsiased byone single

individual. Subject 10 flip-flopped on almost every messagally read, andall except

one of the 19lip-flops are from accept to reject. If data fraims erratic subject is
eliminated, then 5160%) of theflip-flops are from reject to accept, and @0%) of the

flip-flops from accept to reject. Consequently, more subjects tended to accapidies

they previously rejected.

To increasehe chanceshat “missed” messages afterest are readwo direct
approachesnay beused. First, amtelligent filter could identify thosemessagebkely to
be of interest and alert the usd@rhis worksonly as long asghe user trusts th&stem and
what messagéesefiltering system recommendsSecond, thénterface used for browsing
could be improved tanclude content from thébody of each message to githe user a
better indication of what the message is about. This should rdémers to make a more
informed choice of which message to read.

On the opposite spectrum firfiding articles of interest is rejecting articlast of
interest. With over 36% of thmessages classified egected, this comprisesraajority
of the threeclassifications(35% accepted, 29% unknown)This volume of rejected
messages indicatdbat the capability torecognize these articles wilertainly aid the
reader inselecting relevant articles. Notat since this isthe most prevalent
classification the classification problem is non-trivial. Randomly selecting a classification
with equal probabilitywould result inonly a33% correctlassification. Similarly, always
selectingthe most prevalentlass of “rejected” would result iB6% correct, but digh
error of 64%. Howeverthis applies only tathe subjects as a wholelndividually,
applying the trivial classification of all rejected works well for a few users, such as subjects

8 and 13, who rejected almost all articles.
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2.6 Inconsistency of User Interests

One of the unexpected results tbfs study washe high number of flip-flops;
subjects whalassified a messagmeway duringthe browse phase, then latdassified
the message differently wheadl messages wemead. Out of the 32fhessageslassified
during browsing32% of them (104nmessages) were changed during rémed-all phase.
One of the reasons fahis change ishe increased user interessulting from reading
more articles, as described previously. Furthermore, suljgutally read very few
messages durintipe browsing phaseThis limited exposure to articles isot enough to
gauge accurately what threads of conversationslao@t. Additionally, some subjects
had a narrow threshold between acceptance and rejedliepending uporthe context,
or even the mood of the reader, articles could be classified either way.

Theseflip-flops raise an issuabout themaximumpossible performance fédtering
system can achieve. WiB2% of theclassifications changing, a very largeror will
result due to théckleness ofthe readersMany of theseflip-flops stem fromthe limited
number of articlesitially read by the user. In adeal setting, a user wouldnly browse
the messages she is interested in reading, and based upon tlsgseethewill filter future
articles. However, this study has shown that usersotloeadenough browsed articles to
build up a model of user interests accurately. Some of this error can be reduced by forcing
users to read more messagasyiding additionakontext for the articles. Nevertheless,
in the endany filtering system isubject to thevhims and inconsistencies ¢fie human

user, making 100% accuracy virtually impossible to achieve.
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2.7 Chapter Summary

This chapter has explored somethé psychological issues regarding information
overload and presented results of an experintetiexamineduser behavior with Usenet

news. Highlights of the experiment include:

« Subjects browsed articles through a standard news readeclaasified browsed
articles as interesting, disinteresting, or ambivalefihe subjects later read and

classified every article.

« When browsing, subjects missedany articles they were interested in reading.
Additionally, subjectsread many articles they werenot interested in reading. An
information filtermay help auser select articles of intereshile also filtering articles

of disinterest.

+ Readers are inconsistent and change thends about whether omot they are
interested in theame article. This inconsistenlayits the performancéhat afiltering

system may achieve and suggests the need for flexible filters and user models.
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3. Overview of INFOS

Based upon the results of the previous experiment and work performed by other
researchers, INFOS has been designed to address issues dealing with the users of an
information filtering system, the structure of newsgroups, and the algorithms of an
information filtering system. The overall goal of INFOS was to create a Usenet news
filter with better performance than traditional keyword based systems through the
incorporation of a semantic knowledge base and a wide range of extracted features.
Furthermore, INFOS is capable of learning from user feedback alone, as opposed to
some systems that require a knowledge engineer to create or maintain a knowledge base.
The effectiveness of INFOS was then examined via user-testing and comparisons with

traditional information retrieval techniques such as tf-idf.

3.1 User’s Perspective of INFOS

From a user's perspective, users are likely to read messages in one of four
possible modes: (1) reading all articles, (2) browsing a large number of articles, (3)
searching for a specific topic among new articles, or (4) searching for a specific topic
among previously read articles. To support the first mode, INFOS has the simple
capability to be turned off or on. If all articles are being read by the user, then filtering is
an unnecessary step.

To support the second mode of browsing, INFOS performs learning and filtering.
INFOS automatically builds up a profile of user interests based upon active feedback,
and then uses this profile to predict whether or not new articles will be of interest. In this
mode, a user first selects a newsgroup to read and browses through articles. After each

article has been read, INFOS asks the user to rate the article as Accepted if the user liked
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the article, Rejected if the user dislikes the article, and Unknown if the user is unsure.
This is a form of active feedback, since the user is required to rate each article
specifically, but does require minimal effort and provide direct feedback. The feedback
is used to create a user profile. Most systems require users to specify their own profiles,
but many users are unwilling to spend the time or effort to do this on their own (Stevens,
1992). In contrast, by rating each article, INFOS gets accurate data on user interests in a
non-intrusive fashion. An even more non-intrusive method is to use passive feedback.
In passive techniques, the system gets no direct feedback from the user, but instead
watches for cues such as read timenassages that are saved or replied Messages

that are replied to are presumably messages of interest. While convenient, the user
profile data retrieved from these methods is not as rich as an active approach.

To create a good profile, the experiment in chapter 2 suggests that users need to
read more messages than just the messages they would normally browse. INFOS allows
users to browse messages freely, but a better profile is created if users are forced to read
a randomly selected subset of the new articles. Experiments were conducted using a
variable number of randomly selected messages; these results are shown in chapter 4.

After a profile has been created, when new messages are read INFOS will classify
the unread messages using the user profile and the filtering algorithm. The new unread
articles are sorted into three categories: Suggested, Unknown, and Not Suggested. The
articles INFOS suggests are displayed in threads with the Suggested articles listed first,
the Unknown second, and then the Not Suggested articles last. In this manner, readers
can quickly find the suggested articles, but can also see what articles the system believes
the user is not interested in. In this manner, users have the opportunity to see how
INFOS is classifying articles, and also has the opportunity to change the user profile if
desired.

To give users a better idea of why INFOS is classifying articles the way it is,

highly weighted keywords that contribute to the classification are also displayed on the



24

browsing screen. This allows users to get an idea of what factors contribute to the
classification of an article, and if the classification is incorrect, to modify the user profile
accordingly. Giving the user this feedback is an important user interface tool that has
been lacking in other information filtering systems. By having feedback displayed to the
user, the user will feel more comfortable with the filtering system and the system gains a
more accurate model of user interests. While this feedback can be very useful, users can
completely separate themselves from the filtering process if desired. No knowledge of
how the filtering algorithms work is necessary to operate the system; all of these
processed operate transparently without user intervention. However, by allowing users to
get feedback about their profiles requires that the user profiles be simple to understand
and modify. If they are not easy to understand, the average user will not take the time to
edit their own profiles (Stevens, 1992).

The provision of keywords in the browsing screen can sometimes provide insight
into the content of a message, but also the subject, author, or other terms are displayed.
As postulated in chapter 2, one of the problems with conventional browsers is that no
content from the body of the article is displayed and often the subject heading is not
related to the text itself. INFOS partly addresses this problem by also displaying the first
full line of new text from the body of each message in the browser screen. While the
first line is not always relevant, this at least allows users to have a glimpse into the body
of a message.

A listing of messages as shown by INFOS while browsing is displayed in figure
4. Messages are sorted with those suggestedt top, unknown (?) next, and not
suggested(-) at bottom. Author, subject, contributing factansed to make the
classification, and the first line of the body of each article are displayed to help the user
browse intelligently. In figure 6, INFOS believes the reader is interested in messages

from Travis Higgins regarding concerts, and from Michael Duran regarding school
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advice. Reason®r the articles given a negative rating include collaborative reviews

from Zhou, usernames such as dtwitko, and words such as sale or wanted.
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242. +Travis Higgins Central Park Concert needs your help!

Key Factors: central concert

Tour For Peace Free Concert is coming...
243. +Travis Higgins Re: Central Park Concert needs your help!

Key Factors: central concert

The intent of the Tour for Peace is...
235. +Michael Duran | need grad school advice

Key Factors: school advice

After four years at Davis and thinking...
213. ?Andrew Any bad experience with J str. Apts?

Key Factors: experience problem

Has anybody had bad experiences with...
215. ?Davis Police Department ~ Re: Any bad experience with J str. Apts?

Key Factors: experience dpd@whe

The City of Davis Community Mediation...
200. ?Kim Nguyen Artl11l Home page

Key Factors: zhou_reject ez01840

Announcing the Art111/Advanced Photo...
222. ?Chimp Proper English

Key Factors: proper english

| reluctantly offer my support to Jim...
221. ?Rudeboy SIDEMEAT Reminder

Key Factors: €z01898 reminder

Just a reminder: The First Annual...
233. ?Blaise Camp Re: Today’s the Day

Key Factors: €z03051 hope

Well, it got to a late start, but...
214. -Henry Tesluk Re: Any bad experience with J str. Apts?

Key Factors: experice szht@ucdavis.edu

Andrew Oleinikov wrote...
205. -irie drummer wanted

Key Factors: wanted irie

Now auditioning local drummers for...
207. -David T. Witkowski Re: drummer wanted

Key Factors: dtwitko zhou_reject

How many times are you going to post this?
217. -Sharkmn435 Furniture for sale

Key Factors: zhou_reject sale

A couch andlove seat, nice blue color...
236. -Davis Police Department Have you ever wanted to know...

Key Factors: wanted dpd@whe

Hello, I am on-line representing...
237. -kari orkney Re: Have you ever wanted to know...

Key Factors: wanted zhou_reject

Isn’t Davis, CA the home of the famous...

Arrows Move,(P)rior Screen,(N)ext Screen,(Q)uit,Return reads

Figure 6: INFOS browsing screen.
Messages are sorted with those suggested (epaunknown(?) next, and not suggested (-) at
bottom. Author, subject, contributing factors used to make the classification, and the first line of
the body of each article are displayed to help the user browse intelligently.
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To support the third mode of searching for a specific topic amongmessages,

INFOS allows users to define their own interest profiles and to turn learning off but leave
filtering on. When search criteria have already been defined, learning is not necessary -
performing the learning algorithm may even result in corrupting the original search
profile if the reader begins to stray from the original search topic. Defining search
criteria is achieved by modifying the user profile. This is described further in chapter 4.

To support the fourth mode of searching for a specific topic among previously
read messages, INFOS allows users to enter keywords to search for relevant documents.
The search engine used for information retrieval is based upon the same engine used for
information filtering. Through a semantic memory hierarchy (see figure 18 in section
5.2), retrieval isconceptualin addition to keyword based. This allows articles to be
retrieved that are similar in concept to the search query. For example, a search query
regarding motorcycles will not only match documents about motorcycles, but to a lesser
extent match articles regarding bicycles. To an even lesser extent, this query will match
articles regarding automobiles or other transportation vehicles. In contrast, a purely
keyword based information retrieval system is limited to retrieving only those articles
that contain the exact same keyword.

In addition to supporting these modes of operation along with article filtering,

INFOS also supports a number of standard news reader functions:

Threading of news articles

+ Posting of news articles

« Mailing / Forwarding of news articles
+ Atrticle reply via Post or E-Mail

« Quote replied document in reply

« Partial auto-extraction of UUencoded articles



28

3.2 Newsgroup Structure - Vocabulary Problem

Words often mean different things to different people; this is the basis of the
vocabulary problem (Furnas, 1987). In addition to people’s use of like terms differently,
words are also ambiguous. As a simple example, the worad “in a computer
newsgroup is probably referring to a macintosh computer, while the word “mac” in a
fast-food newsgroup is probably referring to a big mac hamburger. The additional
information that allows a reader to determine which meaning is appropriate is the context
in which the word appears; not only the context of the other words in the document, but
also the context of which newsgroup the message is being posted to. To use this
contextual information, INFOS keeps a separate user profile for each individual
newsgroup. In this manner, identical words that are used differently in other newsgroup
contexts are evaluated separately without interference. However, in many cases terms
from one newsgroup is applicable in another. This information can be used to help

explore the problem space, as in Sheth’s NewT system (1994).

3.3 Raw Features Used for Information Filtering

Before information filtering can take place, features must be extracted from the
textual articles in order to build the user profile. In INFOS, four types of raw features
are extracted: (1) the author of an article, (2) tokens from the subject of an article, (3)
tokens from the body of an article, and (4) collaborative information. Notdhibse
features include almost all relevant data for an article, while some systems only extract
the authors and subject to simplify the filtering process. Additionally, these features
include only raw features; during the case-based reasoning phase, INFOS further refines

the tokens from the subject and body into semantic indices.



29

Author extraction parses the message header and removes the author's e-mail
address for use as a feature. This feature allows indirect filtering since the author of a
post does not necessarily indicate the content of the article. However, individual authors
may tend to post similar material, and many readers often have favorite authors.
Additionally, this allows users to track postings from a particular user. For example, this
can be used to see what type of work a particular researcher has been investigating and
discussing over Usenet.

Subject and text body extraction parses the actual words from the subject line of
the article and the body itself. In INFOS, all punctuation is removed (with the exception
of periods to denote the end of sentences). These features support direct content-based
filtering since they determine what an article is about. Since the subject text is intended
to indicate the content of the body, the subject’s features are weighted higher than the
body’s features.

Social or collaborative feature extraction is a relatively new subject in artificial
intelligence, and research has just begun in such diverse areas as music reviews, WWW
selection, and news filtering (Goldberg et al. 1992; Resnick et al., 1994; Shardanand,
1994). Collaborative features are simply the recommendations or reviews that other
users have reported about a particular item of interest. This is similar to listening to
movie reviews from movie critics. For example, based upon Siskel's opinion, a viewer
may or may not decide to watch a particular film. If the viewer has a strong rapport with
Siskel, or has enjoyed Siskel's recommendations in the past, then the viewer will most
likely enjoy a new movie that Siskel recommends. In this project, news articles are the
“movies” and early readers of those articles are the critics. The ratings that readers give
to articles they read are used as features for future readers of that article. These features
determine if there are correlations between the articles one reader is interested in and the
articles other readers are interested in. Although collaborative features are sidrect

they do not reference the actual content of the article, this type of feature can be very
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powerful since it incorporates the collective semantic knowledge of many other users.
Moreover, collaborative features can be used in virtually any setting (music, text, movies,

graphics, etc.).

3.4 Architecture of the Information Filtering Engine

To support the goals established for INFOS, the system must not only be flexible
enough to accommodate usability, but also powerful enough to filter documents
accurately. One of the greatest challenges is the design of the filtering engine itself so
that these goals can be achieved with efficiency and precision. A semantic knowledge
base is one method to gain increased flexibility and precision over a keyword system.
The dilemma is, how can a system be designed so that conceptual retrieval is possible yet
without the costly time or expertise necessary to create a knowledge base? In the domain
of Usenet news, articles cover a very wide range of topics, messages are unstructured,
and the vocabulary is constantly changing. The knowledge required for a symbolic
knowledge based system is enormous, and it is difficult to manually create the lexicon,
rules of syntax, and other knowledge constructs necessary for in-depth language
processing. These constraints typically restrict knowledge-based systems to limited
domains, and they have frequently been criticized for failingstale-up) to real-world
applications (Schank, 1991). The approach taken in INFOS combines limited real-world
knowledge with statistical methods to achieve the scalability of keyword systems while
retaining some of the power of knowledge-based systems. In addition to combining the
benefits of scalability, gains are also made in filtering speed and accuracy. Keyword
based filtering is faster than knowledge based filtering, and it is also capable of handling
new words missing from the knowledge base’s lexicon. On the other hand, knowledge
based filtering supports conceptual information filtering and retrieval. By combining

both approaches, the benefits of each can be achieved in a single system.
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The algorithms and knowledge structures combined in INFOS consist of a hybrid
induction and case-based reasoning system augmented by the hypernym ISA structures
found in the WordNet system (Miller, 1995).  WordNet is similar to an electronic
dictionary, such as Webster's Seventh New Collegiate Dictionary (Peterson, 1982) or
Longman's Dictionary of Contemporary English (Alshawi, 1987), but WordNet defines a
word in terms of its hierarchical meaning rather than in terms of other words. The
hierarchical knowledge base allows concepts rather than individual words to be
compared to each other.

Filtering of articles is first performed by a simple keyword approach we have
named Global Hill Climbing. This approach is a slightly simpler version of tf-idf, and
has been shown to work fairly well in most cases. Global Hill Climbing consists of
matching a global table of extracted features and their previous frequencies of acceptance
or rejection with an incoming document to classify the new document as being of interest
or not of interest. The method is simple and quick, has been shown to have a very low
error rate in experimental tests, and is easier for users to modify their profiles than tf-idf.
However, the scheme does result in a fairly large Unknown classification rate of
approximately 40% (Mock & Vemuri, 1994).

When the Global Hill Climbing approach fails, a more robust but potentially
time-consuming Case-Based Reasoning (CBR) approach may succeed - in particular,
because it performs conceptual information filtering that may retrieve articles the
keyword scheme cannot. The principle behind case-based reasoning (Schank, 1982) is
that inductive learning is accomplished through the memorization of individual
experiences, ocases. These cases are simply experiences of the learner that have been
remembered. When new situations are exposed to the learner, the learner is reminded of
previous cases which are similar to the new situation. The actions and events that took
place in the old case are used to help understand how to deal with the new case. The

sub-field of case-based reasoning has been successfully applied to many applications,
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including such diverse areas as help-desk systems, failure analysis, cooking, and law
(Kolodner, 1993).

CBR has been selectéal use in INFOS since it has been successful in the past,
provides a natural framework for information retrieval as well as information filtering,
and provides a framework upon which a knowledge-based representation can be built. In
INFOS, the case-based reasoning component treats previously read documents as cases to
help understand new documents. The previously read documents are indexed by both
conceptual and keyword indices. These indices are extracted statistically and stored
conceptually using the WordNet hypernym hierarchy. Articles that match these indices
and the user’s previous interest in those articles indicate the classification of new articles.
In this manner, articles are tracked independently unlike the Global Hill Climbing
method. The case-based reasoning scheme also facilitates information retrieval of
previously read articles along with information filtering. Moreover, the retrieved article
casedrom the case-based reasoning method provide a justification for how a new article
is classified.

An additional benefit of the case-based reasoning scheme is that the engine is
directly applicable for case-based document retrieval. This provides a convenient
mechanism to support conceptual search among previously read documents. The
identical process applies to document retrieval as it does to document filtering, except
instead of comparing a new article to previously read articles, a user-supplied query is
compared to previously read articles through both keywords and the conceptual indices.
The candidate documents are then simply displayed to the user rather than used to
compute a classification.

A final algorithmic process to beapplied tothe usermodels isthe genetic
algorithm (Holland, 1975). Irthe genetic algorithm, a population of solutions or
individuals are randomly generated to solve a problefypically theseindividuals are

represented by strings of bits, where each bit represents a ditispadt of the solution.
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For example, a numerical soluti@ould be represented by its binary value. Since these
solutions arerandomly generated, they wilinitially be very poor solutions. However,
some solutions will be better than others, and if enough solutions are generated to “cover”
the solution space, then portions afferent individualscan be combined to form an
optimal solution. The genetic algorithm (GA) approachestésiks through the process of
natural selection. In naturBarwinian evolution stipulatebat the fittesspecies for their
environment will survive, whiléghe weak Wi die. Thoseanimalsthat survive pass their
surviving characteristics on to their offspritiggough genetic crossovergsulting in an
even stronger population in the next generation. Jdmeeprocess isapplied to the
computational GA. Thedividual solutions in the population are subjected tbtraess
test todeterminehow well each individual approximates the desired solution. Those
individualsthat dowell surviveand are selected farossoverwhile thoseindividualsthat
arepoor solutions die an@re thrownout of the genetic pool. Thsurviving individuals
form a new population by takinigvo random parents and crossing portions of their bit
patterns to create a new child. In this fashtbechild will inheritthe surviving attributes

of both its parents, possibly resulting in an even fittdividual. Finally,random mutation

is sometimes applied tie offspring to introduce a random element to prevhetgene
pool from stagnating. Eventually through many generationghe populationbecomes
better and better afpproximatinghe truesolution. Moreoversincethe processontains

a random element, there issealler chancehat thesolution will converge on docal
minima than classical techniques such as hill climbing (Goldberg, 1989).

For information filtering, genetic algorithms are useful when applied to a
population of user models. These models then converge upon a solution that better
models the user’s interests. In NewT, Sheth has shown that genetic operators such as
crossover and mutation aid the user in exploring other areas of the news space that the
user is interested in, but does not normally explore (Sheth, 1994). Similar results have

been recreated in INFOS’s preliminary work (Mock & Vemuri, 1994), which also
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indicates that genetic algorithms are useful for exploring other areas of the solution
space. However, in this work, the GA was found to be better at exploration than at

narrowing down user interests.

3.5 Summary of INFOS Architecture

A summary of the information filtering classification process is depicted in figure 7.

To classifynew articles, theglobal hill climbing approach is used first. Thexperimental
results discussed in chapter 4 indidai@ theglobal hill climbing approach has eery low
error rate but dairly large proportion of unknowrclassifications. These results also
suggest thaglobal hill climbing is useful as a quick, first-pass methtbat is simple to
implementand relativelyerror free. Consequently, if thglobal methodreturns an
unknown classification, thethe case-based reasonmgdule is invoked. The case-based
methodmay berun in parallel withthe global method although this wast implemented

in INFOS. The case-based reasoning mochdgalso be invoked separately ander to
perform information retrieval among previousbad documentsDetails ofboth methods

are described in chapters 4 and 5.



35

Classification Flow of Control

New text article and
input features

L Global Hill Climbing strong match _ | Use prediction as
Scheme Classification | classification of article
* unknown/weak match *
Case-based Scheme | Thread articles, sort
Classification "1 by priority. Articles

predicted to be of very
high interest brought to
attention of user.

Figure 7: Classification Flowchart

After new messagesre read, the process of updatmgmory andhe usemodel
is depicted in figure 8. Firsthe global hill climbing table is updated with featuré®m
articlesthat were readnd rated. These featuresclude the author, words from the
subject heademnvords from the texbody, and collaborative reviews froother users.
Next, conceptual topicsom each articlareidentified andused asndices intothe case-
based reasoning component of #estem. This ishe more complicated of the two
classification algorithms and requirsgnificantly more processingme and disk space,
but is capable of performing non-linear classifications. Details also described in

chapter 5.

Memory Update Flowchart

New text article and
input features

Global Hill Climbing
Table Update

Extract Features, - Index new case in
Conceptual Analysis | memory using
extracted features

Figure 8: Memory Update Flowchart
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From the user’s perspective, the following features have been implemented to

improve the browsing and user modeling processes:

A means of showing the user what articles are being filtered. Chapter 2 has shown
that users interests vary tremendously. If articles classified as rejected are simply
discarded then messages of interest are likely to be lost. INFOS sorts articles by
interest category so that users are still able to view messages not recommended by the

system, allaying any fears users may have of missing out on interesting material.

A means of showing the user why the system is making its classifications. In INFOS,
this is accomplished by displaying the largest contributing features towards the
classification. In addition to providing additional information regarding the content

of each message to the user, by displaying the contributing features the user is able to
see how the user profile is currently defined. If desired, the user may then modify the
profile to reflect different interests. Profile modification requires that the user profile
be easy to understand and modify so that it can be manipulated by a typical end user.
Moreover, by making the profile easily modifiable, users will be able to create

profiles that conform to specific search queries.

A provision for information retrieval in addition to information filtering. In this
mode, users can retrieve previously read articles by inputting search queries.
Through the same CBR and keyword based engine fasefiltering, queries are
conceptually analyzed and those documents that contain a similar conceptual content
are retrieved. This type of retrieval is made possible through the CBR filtering

engine.
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3.6 Chapter Summary

This chapter has provided an overviewtbé INFOSsystem fronboth the user’s

perspective and INFO’s internal architecture. Tighlights ofINFOS'’s architecture and

interface include:

Automatic creation of a user model based upon user feedback provided after the user

reads each article.

Support for editing the user model easily, and a mechanism to communicate back to

the user how and why INFOS makes its classifications.

A hybrid classification scheme incorporating a global hill climbing methoduttes
keyword features and a case-based reasoning method that uses knowledge-based
features. Between user sessions, a genetic algorithm is employed to explore the space

of news articles and further refine the user model.

Features used for classification within the global hill climbing scheme include
keywords from the body of the news article, keywords from the subject, the author,
and collaborative reviews from other users. Features used for classification within
the case-based reasoning scheme include WordNet based concepts of keywords from

the subject and body of the news article.



38

4. Global Hill Climbing Filtering Algorithm

The work reportedhere builds upon an initialprototype studied by Mock and
Vemuri (1994). The prototype consisted of the Global Hill Climbing scheme and a genetic
scheme. These schemes remairthm currentversion of INFOS but they have been
augmented with the case-based reasoning scheme described earthas ctiapter, the
global hill climbing algorithm is described in detail along withe experimental results

when the algorithm is applied to the filtering task.

4.1 Usenet Data

The data used for théltering experimentsconsisted of the articles from the
ucd.life newsgroup selected for tiegperiment in chapter 2. These articlese selected
for thesame reasons #se previousexperimentthere are a larggumber of articles, and
the articles cover a variety of general topics with appeahtass audience. After articles
were read, the authasubject tokendhodytokens, anatollaborative reviewdata were all
extracted as features of the articles. The tokens fivet@assedhrough astop list but
not through asstemmer A stemmerattempts to strimway word prefixes or suffixes to
find the wordroot, sothat wordssuch as‘finding” or “finds” are reduced téfind” for
comparison purposes. #toplist is a list containing commowords such as “the’that
have no predictive value. Theserds are throwmut entirely. The accuracy @ivailable
stemmers is limitecand there is a question of whether rot they actually improve
performance (Yang, 1994).

In addition to passinthe articles through stoplist, extraneous headers from the
articles are strippedyinary encodedfiles thrown out, andquotedmaterial removed. A

sample news header is shown in figure Bhe only features currently used from the
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header as features in INFOS are the subject, awthdrindirectlythe newsgroup. The
rest of theinformation iseasily discarded sincéhe header is formatted in a standard

manner.

From: tswillia@menudo.engr.ucdavis.edu (Bunny Bunbun)
Newsgroups: ucd.general,ucd.life

Subject: Re: Happy May Day

Followup-To: ucd.general,ucd.life

Date: 4 May 1995 08:04:46 GMT

Organization: College of Engineering - University of California - Davis
Lines: 64

Message-ID: <3oalqu$cer@mark.ucdavis.edu>

References: <dtwikowski-0305952302120001@dcn73.ucdavis.edu>
NNTP-Posting-Host: menudo.engr.ucdavis.edu

X-Newsreader: TIN [version 1.2 PL2]

Xref: news.ucdavis.edu ucd.general:1325 ucd.life:3855

Figure 9: Usenet Header Information

Binary encodedfiles are alsocompletely discarded.Binary encodedfiles are
binary files that have been converted into text form so tihaty may be distributed
through newsgroups anail. Figure 10 depicts a portion of a UUencod#éel Since
there are no conceptual features to extract, tfileseare currentlynot processed by
INFOS. Somaypical binaryencoded formatenclude UUencode, MIME,Binscii, and
BinHex. While the UUencode and MIME formats are detectable thradghtifying
keywords in the header of the encoded file, other methods do not have identifying headers.
These formats are detecteddhecking ifthe frequency of symbols ithe first 10 lines is
dramatically different from the frequency of symbols in English (@@86 symbols in each
line), and also checking to sedhifirst 10 linesare thesameexact length.  If both of
these criteria arsatisfied,the article is marked dsing anencodedile and is discarded.
While these heuristicare not perfectthey weretested upon 1O0@rticles randomly
selected fronthe alt.binaries.pictures newsgroapntaining primarilyencoded pictures,

and 100 articles from thecd.life newsgroup containingompletelytext. No encoded
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binary fileswere classified as containingext, and no textual articles werdassified as

being encoded binary files.

begin 644 binaryfile

MITE& #=A@ +@ 8, ( " (" @ @"@("@#PN\ #_

M/ _\_P# RP @ +@ 0$_E IM:2ZLTY,+=>717Z>6$YH
MF&Y6ZK36NRHR7+0OP=,<YW>"ZGW &]!&'-B3NR$PVE\XH=,I[5J57:M"ZQ7:U
M1F\87"PKLM"AO>KPV<]GJ.%P%XZ1(K,RID*?31R9]@"&$A8:'B(F*BXR-B R"&
MD(62E"&5%Y < F):<FYZ:H)FBG"51:2A/J:11Z2VIKZZQL+.RM;2 WMKFXN[J]

Figure 10: Portion of a UUencoded file

The final pre-filtering processinvolves discardingjuoted material. Often when
users reply to an article, they will include text from the origowat toprovide context for
their comments. A sample is shown in figurg. In INFOS, the quotedaterial is
thrown out since the goal of the system iglassifythe content of thexisting article, not

the previous articles that have been repeated in the existing article.

In a previous article, Khristy wrote:

> | was walking through Toys-R-Us the other day and came across some Floam.

> Floam is this squishy styrofoam stuff that you can mold kind of like clay, but it
is

> more gooey. Does anyone know what this is made out of?

Khristy, I'm not sure what floam is made out of, but | know that you can make a
very similar thing by combining borax with elmer's glue, and then adding
styrofoam. It's a lot of fun for the kids too.

> Thanks, Khristy.

You're welcome, Bobo.

Figure 11 : Quoted Material in Posted Articles

While most news readers use the “symbol to indicate which material izing
guoted, readers aifnconsistent and use a variety of schemes. Some readesthase
punctuationsymbolssuch as “:” or a “I”. A few users simply indetiite quoted text, or
prefacequotedmaterial bythe author’'sname, as in “khristy>". Detectingll of these

methods is an extremedifficult taskrequiring a large number of cognitiyeocesses to
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determine what materiaonstitutes a quote. Fexample, to determinthe difference
between indentetéxt that is quotednd indentedext that isoriginal requires knowledge
of the content of previous articles, and a comparison of those prarnuties with the
current article. Identical material can then be discarded. Since these agseare, the

heuristic employed in INFOS to detect quoted material is:

« Strip out any line beginning with “>” as being a quoted line
« Strip out lines where the first character is non-alphanumeric and at least 2 consecutive

lines contain the identical character

This simple schemeas tested on 10érticles from theaucd.life newsgroup. With
the exception of users wituotedmaterial using indentext (2 articlesout ofthe 100),
all other quotes wersuccessfully filtered, excludingignaturefiles. Signaturefiles were
not filtered since theynay potentially contain usefdkatures, such as the authoname,

location, or current interests.

4.2 Global Hill Climbing Background - A Simple, Keyword Scheme

One of the requirements for the ussodel isthat itmust be very simpléor users
to modifyand understand,; if thmodel istoo difficult to manipulatethe average usevill
never use it (Stevens, 1992). In additiorsitaplicity, the model must also providgood
performance. One of thmodels implemented INFOS is a combination dhe tf-idf
method and Bayesian inductionBoth of these methods operate upon keywords and
features. A keyword/feature based systeminitiglly selected for the usenodel since it

is easy to perform computationally and also easy for users to understand.
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4.2.1 Term Frequency - Inverse Document Frequency

A very closelyrelated area tanformation filtering is information retrieval; while
information filteringmay beviewed as a simpler problethan information retrievaboth
shareessentialljthe same problem: extracting features from a document and tssg
features tandexthe document for future retrieval, or generalize some type of class for
the document. In thaaformation retrieval communitypne popular form of document
indexing is term-frequency indexirgpupled with the inverse-documdntquency,which
is referred to a#f-idf (Salton, 1991).

Tf-idf assumeghat thefrequency of occurrence of a term or keywaevithin a
document is an indicator of how relevdhat termis. However, if a term or keyword
appears ilmanydocuments, then its predictiy@wer is weak. Foexample, a common
word such as “the” appearsiany times in one document, but appears in s@ny
documents that it is aseless ternthat provides almost no information. Theseo terms
may becombined by multiplyinghe term-frequencytf) by 1/document-frequencydf) to
obtain a metric of relevandgr each term. Bgombiningterms from a document form
a vector,queries can undergo similar process and the document vector closest to the
guery vector is retrieved as the best match.

To express thiprocessmathematicallythe weight of a termt with respect to
document is described by:

weight(f), = tf( 9, x idf( 1)

Sincethe tf term is a better predictor of a termadue tharhow commonthe term
is, often the inverse document frequency is scaled to de-emphasize large weights by taking
the logarithm of the frequency tetrappears in all documents:

idf (t) = Iog[%)
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Note that words ardypically checked against atop list. Thesewords are
ignored. With a goodgtoplist, the wordswith a lowidf value will already behrown out,
indicating that the idf term will not be the dominating factor.

Finally, the similarity of a query vector Q and a document vectorc®n be

computed via the scalar product of the two vectors:
Similarity(Q V) = % w9, x w1,
t

Since the tf-idf information retrieval scheme is simple, d@ns of the most popular
methods used todayAdditionally, the method providegoodresults. Depending on the

data set, very high precision can be achieved in retrieving relevant articles (Salton, 1991).
4.2.2 Global Hill Climbing - Bayesian Induction

The initial classification schemeonsidered for INFOS tmperate upon the
extracted features wasBayesian induction classificationethod. This method isimple
to perform and has been popular in a varietymachine learningsettings (Weiss &
Kulikowski, 1991). Bayesian induction follows directly frahe Bayes rule. The goal is

to find the probability of a classification C, given evidence (features) e:

P(Cle)= —P(dp?;( 9

With the assumption afonditional independencthe equation can be transformed
into asimpleproduct. Given aset oftraining data, atable of probabilities can beasily
constructed to approximate P(e|Clror example, if weare given an article with two
possible classification@Accepted or Rejected) determined by the single featureood
(Flames, Filtering, or Windsurfing), then a table wiltle following probabilities might be

constructed based upon the training data:
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Probability Class-Accepted Class-Rejected
P(Class) 0.5 0.5
P(Flames | Class) 0.2 0.8
P(Filtering | Class) 0.9 0.1
P(Windsurfing | Class) 0.6 0.4

Table 2: Probabilities for Bayesian Induction

When given a newebject toclassify, under conditional independence wsienply

choose the class that maximizes the following expression derived from the Bayes Rule:
weight( 9, = tf( 9. x idf( 9

Similarity(Q, Clas$= Z Wy % W Xotass

T

While this methoddoes take into account tifiequency of each featuterm, it is

slightly moredifficult for users to understand than a keyword-based exact |sylstEm.
For each feature, theystem needs to be abledompute the terrfrequencyperclass and
the inverse document frequency. Tammpute the ternfrequencyper class, INFOS
requires thenumber of samples of each class dhd number of timesthe term has
appeared in each class. To computeirlierse document frequendyFOS requires the
total number of documents anthe number of timesthe termhas appeared in all
documents.

The entire computation for both thHgayesian and tf-idimethodsinvolve four
variablesfor users tomanipulate (number samples of each class, number of terms
appearing in each class, numbertatal documentsnumber of terms appearing in all
documents). Moreover, thesariablesare combined intotwo terms that competeith
eachotherinversely. In psychological experiments, subjguntsferred negation/addition
strategies over reciprocal/inverse strate@igdlis, 1963). Consequently, if users need to
edit their ownprofiles, linear negation/addition relationshipgy bepreferred over the

more complex inverse/reciprocal relationships required in the tf-idf method.
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4.3 Global Hill Climbing Algorithm

Based upon the strengths and weaknesses of lay#sin induction and tf-idf, a
simpler scheme has been implementetNIROS that is inspired by both method$his
method, termedslobal Hill Climbing, is a lineardiscriminantmethod based on a table of
features. This tablecounts thenumber of times each feature has been found in each class.
Since the table contains only one variable per class, it is simple for users to understand and
manipulate. The table is created in atlithbing fashion; ashe user reads messages, she
indicates whether onot eachmessage read was accepted or rejected. olit@me is
used to increment the table’s weights accordingly.

An example is shown in table Here, the feature “genetidias appeared ifive
accepted articles, theuthor feature ofgrog@ucdavis” has appeared in three accepted
articles and one rejected article, efthis dataindicates an interest in articlpested by
grog orcontainingthe word“genetic,” and a disinterest in articles containthg word
“flames.” In addition to usingvords from thearticles as features, collaboratix@view
features are alsimcluded inthe table. Thesether users arcal usersunningthe same
news system who are willing to share their own reviews with others. In table 3, the other
user “Renee” has accepted four artidles current readdnas accepted, and Renee has
rejected one article the current usexrs accepted.Similarly, Renee has rejected two
articles the current usdras accepted, and rejected three artitthes current user has
rejected. This table indicateghat the current reader’'s acceptetessages strongly
correspond with Renee’s accepted messagee the current user’s rejectadessages
slightly correspond with Renee’s rejected messages. The table contimyresvtas new

articles are read.
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Word Accepted Rejected
genetic 5 0
algorithm 3 3
flames 2 7
grog@ucdavis 3 1
Renee Accepted 4 1
Renee Rejected 2 3

Table 3: Global Hill Climbing Table of Weights

Given such dable, classification of new messages is performed by extracting the
features from the new article and then computing ghm of all the Accepted and
Rejected values from matching features in the table. If the Accepted percaentagéhe
Rejected percentage exceeds A,ittessage is classified as beingrdérest. Conversely,
if the Rejected percentage less the Accepted Percentage exceeds rmesdage is
classified as being of nmterest. Messages in between are marked unknowrthisin
project, A was set to 0.15 so tlstme margin of differenc&as necessary tdassify a
message either way. However, this has been left as a user-adjustable setting to allow more
aggressive or more conservativassifications to be made. Mathematically, the

classification process for a set of feature termgeferenced by:

Z ClassOccurrences

SimilarityPercentage clags= - 1
Y de clags ZTotaIOccurrences @)
t

(SimilarityPer¢ Acg, — SimilarityPe(®e ))> A Accepted
Class =< (SimilarityPer¢Re j) — SimilarityPer¢ Acy)> MRe ject (2)
else Unknown
The globalhill climbing schemebears somesimilarities to a Bayesiaapproach
assuming conditional independence amthgy features. However, by computing sums,

the frequency of occurrencéor each feature is considered and a cutoff point is

established. The system is closersimilarity to the tf-idf method, but it does not
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explicitly reference th&verse document frequencyHowever,this term contributesnly

a smallamount compared to the tf termtindf. Moreover, the purpose of thdf term is

to remove non-predictive words. Most of these words can be filtered out early on through
the use of the stop list. Finally, even if words that have a large index-document frequency
enter into theglobalhill climbing table, those words that anen-predictive willstill have

little impact sincethe accept/rejegbrobabilities will be approximately equal and cancel
eachother out. Foexamplethe word“the” is not biasedtowards rejected or accepted
articles, and although itilvhave a highfrequency ofoccurrence, it will not be a factor in
classification sincéooth the rejected and accepted categoriéiscantain approximately

equal occurrences of tlveord. As a resultlittle is lost and the useprofile is simpler,

making user manipulation an easy task.
An example of editinghe uselprofile is depicted in figuré2. Editing is assimple
as incrementing or decrementing the accepted or rejected values.

Words Statistics for current word

addictive
advice
agree Accepted: O
album Rejected: 10
apts
arbors 1) Increase acceptance
artl1l 2) Decrease acceptance
assistant 3) Increase rejection
auditions 4) Decrease rejection
bicycle
bike
blah
bliss
blues
>punbun
bunny
cancelled
carter
cassette
Arrows Move,N)ext or P)revious screen, D)elete, A)dd, Z)ap all, Q)uit

Figure 12 : Sample of INFOS edit screen for global hill climbing method
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The currently selectedord, “bunbun”, has a highejection value indicatinghat
this term often appears in articldse user is nointerestedn. In the event that a user
wishes to searcfor specificfeatures, the user simply sets inprementghe weights for
features of interest and turisarning off sothat nonew data is added to th&ble.

However, filtering will continue using the user-specified data.

4.4 Assigning Weights

As thealgorithm standsall features are treategfually. Authors, text from the
body, text from thesubject, and collaborativéata areall counted andcombined in the
same way. While this allows each feature to account for as large or small a contribution as
desired, this method is biased to fattwwse features that occur most often. &mample,
the word “computer” ismuch more like likely to occur in thebody of articles in a
computer newsgroup, than the author of a particgtaup. The computer term may
appear hundreds or thousands of timekile an individualauthor will probably only
appear ahandful of times. As aesult, the contribution from author's terms will be

negligible when compared against other more frequently occurring features.

One solution to this problem is separate thglobal hill climbing table into a set
of individual tables - one table for each type of feature. Percentages of acceptance and
rejection can be computed from the features among each table, and then these percentages
combined to compute the final classification:

K, x SimilarityPer¢ Claspg,,,+ Kx SimilarityPefc Clasg, +

SimilarityCombrg Clags=
imifarity m $§ KSxSimiIarityPertﬁ Cla.Sﬁext'l' |§X Slm"a”type('c Claﬁ&aboraﬁve

( SimilarityCombr{ Acy — SimilarityComi§Re ))> :A Accepted
Class = (SimilarityCombr{Re j — SimilarityComba Adg> :Re jected (3)
else Unknown
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However, how should these percentagexdmbined? What values should be
assigned to constants; Khrough K? Some systems (Jennings & Higuct®92) give
higher weight to the subject features on the assumtairthese are moptedictive. To
investigate whichterms areactually most predictive, experimentsere performed to
evaluate thempact of each featurnedividually: classification usinguthor featuresalone,
subject features alonégxt body features alone, and collaborative features alone. All
features were thecombined based updrow much impact theghowedindividually; i.e.,
the most predictive feature wgsenthe highest weight, anthe least predictive features

given the lowest weights.

4.5 Global Hill Climbing - Experimental Results: Varying Filtering Features

To test how thedifferent features contributeowards making relevant
classificationsthe global hill climbing schemewas testedusing each featurset alone.
The data used for the tests were shme messagestracted from thecd.life newsgroup
read by the 14 subjects. Each user read sE@fientiallypostedmessages and marked
each as accepted, rejected, or unknown. From these 100 messagess&fes were
randomly selectetbr training, andhe system predictethe users’ choices for thiest of
the messages using equatioro@ly among oneset of features. Theg®edictions were
one of three classeSuggestedNot Suggested, or Unknown. These predictions were
then compared to the actu@dassifications provided the subjects.Samples othe data
articles and thedomain are given in chapter 2. The evaluation metric usedthis
experiment is classification accuracy. INFOS, accuracy idefined aghe percentage of
predicted articles that were classified correctly.

The experimental resultse shown in table 4This table containthe percentage

correct,unknown, and incorreatlassificationsaveraged over the l#stsubjects. If a
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prediction matched the response provided by the user,thia¢m@rticle was marked as
beingcorrect. However, if the prediction wasknown, then thaarticle was marked as
beingunknown. Finally, if the prediction wasot unknown but incorrect, then tlagticle
was marked a$eingincorrect. This classification schemeewards INFOS for being
correct,penalizes ifor beingincorrect, buneither awardsor penalizes whethe system
produces an unknown class. The results stieat thesubject features results in the
highest percentageorrect (52%)with the lowesterror (12%),probably since subject
words are accurate predictors of entire threads rtiegt be ofinterest. The textbody
features actuallgive the largest percentage correct (54%), ddab givethe largeserror
(19%). Collaborative filtering gavéhe next best results (46%8ndauthoralone was the
worst predictor (38%)lthoughnot far behindthe others. Note thaill schemes perform
better than chance or byways predictingthe mostlikely class. Overall36% of the
articles were rejecte®5% acceptedand29% unknown. Atrivial classifier guessing by
chance would hav@3% accuracyand a trivialclassifier always predictinthe mostikely
class would have36% accuracy, but 64% error.Consequently,all methods are

performing non-trivial classifications.

Features Used For Percentage Percentage Percentage
Classification Classified Classified Classified
Correctly Unknown Incorrectly
Author Alone 38.4 46.7 14.9
Subject Alone 52.1 35.5 11.8
Textbody Alone 53.6 27.2 19.2
Collaborative Alone 46.2 41.2 12.6

Table 4: Classification accuracy for individual sets of features.
Results are averaged over 14 subjects, showing percentage classified correctly, incorrectly,
and unknown for 100 consecutively posted articles, 50 articles read.

The results from this experiment indicaitat thesubject features should have the
highest weighting, followed by textbody and collaboratta¢a. Author featureshould

have the lowestveighting. A value 00.35 wasassigned to K the subject’'s weight,
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0.25 to K5 and K, the collaborative and textbody weights, @nl5 to K, the author’s
weight. These weight settings correspond to the performance of each sedturéhe
textbody weight was lowered to 0.8Hce thissetdid have a higheerror ratethan all

other methods.

4.6 Global Hill Climbing - Experimental Results: Combined Features

Using the weights determined from the previous study,dhssificationprocess

was run again usinthe new weights and equation 3. The results are shown below in

figure 13:
Percentage Correct Classifications 51.5%
Percentage Incorrect Classifications 7.3%
Percentage Unknown Classifications 40.9%
Within Error, Percent of False Positives: 50%
Within Error, Percent of False Negatives: 50%

Figure 13 : Classification results for combined global hill climbing scheme

The percentage of correclassifications51.5%, isslightly lower than using the
subject scheme alone, but teeor issignificantly smaller. At7.3%, the error isower
than usingany ofthe feature sets aloneCombiningthe set of features results anerall
improved performance. The typeseafors that arenadeare evenly splitamongfalse
positives (an article predicted to be of interdmstt really is not of interest) andfalse
negatives (an article predicted to be rejectad,really is ofinterest). Typically, false
negatives are thevorst of thetwo types of errorsfalse positivesmay result in users
becoming annoyed at reading material theyndbwant to read, butalse negatives may

result in users missing a message of interest entirely.
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4.7 Global Hill Climbing - Varying Number of Messages Read

The previous experimentll trained upon 50 randomly selected messages. An
experiment was also conducted that examined accuracy 2@het®d, 60and 80randomly
selected messages were useth@trainingset. The results ashown in figurel4. Not
surprisingly, asnore messagesme read, the percentage of corrdassifications increases
from 45% to 70%and the percentage of unknowtassificationsdecreases from 48% to
19%. Theerror stays relativelyconstant. The main result dfis experiment is that the
performance doesot vary significantly from 20messages read to 40 messages read; not
until half ormore messageme read does performanicerease noticeably. Since users
will want to achievemaximum performancewhile reading as few messages as possible,
then as long as messaga® randomly selected, reading as few 26% of the unread
articlesstill givesadequate performancéNot manymessages need to be reaaider to
train thesystem sincehe tokens just processgive agood indication of whatother

topics are currently being covered.

Prediction Percentage Correct, Incorrect, and Unknown
for Test Set (Unread Messages)

Global Hill Climbing - Combined Features
Percentage

o
o0

-\

Coo0o0000
oORrMdwbhUION

Number of messages read 20 40 60 80

Correct —| 0.456 0.483 0.597 0.694
Wrong 0.060 0.080 0.062 0.111
Unknown ®| 0.483 0.427 0.341 0.194

Figure 14 : Performance versus number of messages in training set
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4.8 Global Hill Climbing Performance - Completely New Articles Threads

Another parameter thdtas not yet beenexamined isthe performance of the
system on completely new messages. té€bts sdar have been performed on a sequence
of messageshat have been posteskquentially. As aesult, the topics among these
messagesire closely correlated;many ofthese articles occupy treame threads. This
comprises normabperation if the user keeps up by reading new artelesy few days.
However, if the uselails to read messages forfew days omweeks, thercompletely new
article threads and conversations will be posted.

To examinethe impact upon performance under this scenario, subjeeis 100
consecutivelypostedmessages to build upwser profile. Thesystem was trainedpon
the features from theseessages and théssted on 50 unreadessagethat were posted
two months later. These future messages were comprisaahygfietely differenthreads,
although some of the material was also discussed in the original set of messages.

The results from this experimeate shown in table 5While the subject features
provided the best results in the previous experiment, the subject features provided the
worst correct classification rates in this experiment. This is due to the new threads present
in the test setsubject tokens arexcellentpredictors of threads, butith entirely new
threads this feature ot nearly as predictive.However, words from thbody of articles
are not predictors of thread€Consequently, the textbody featurgise a much higher
percentage correct, batso result in a verhigh error. The best features tugut to be
the indirect features of authoand collaboration. Both of these features deot use
semanticdata. With an entirely newset ofmessages, thgreviouslyprocessegemantic
data is not asiseful; however, features that amdt semanticwill still be valid. As a
result, the authoand collaborative featurgsroduce the lowest erraand acceptable

correct classification rates.
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Features Used For Percentage Percentage Percentage
Classification Classified Classified Classified
Correctly Unknown Incorrectly
Author Alone 204 76.0 3.3
Subject Alone 13.1 86.3 0.6
Textbody Alone 454 28.9 25.5
Collaborative Alone 36.3 53.4 9.1
Combined Features 30.9 59.8 7.7

Table 5: Classification accuracy for individual sets of features.
Results are averaged over 14 subjects, showing percentage classified correctly, incorrectly,
and unknown for 50 posted articles from new threads, 100 articles read.

This data suggests thathen reading completely nethireads unrelated to the

material last read, the non-semantic features of author and collaborative features should be

given the highest weight inorder to minimize error.

Based upon these results, the

collaborative andauthor termsshould be highwhile the textbody and subject lower to

minimize error. The experiment was re-rumsing values 00.15 for K, the subject’s

weight, 0.30 for K, the author’s weight, 0.35 to4Kthe collaborative weight, and 0.20

to Kg, the textbody’s weight.

The results are shown in table 5 i@dnebinedFeatures

row. As expected, the correctassification(30.9%) is lower tharwhen filtering is

performed using trainindata from thesameset ofarticles as théest data, but the error

remains relativelylow at 7.7%. These results indicatinat filtering is still feasible for

completely new sets of data, but first the weights should be adjusted to favor non-semantic

features, and also accuracy will be lower.

4.9 Global Hill Climbing - Variable Weight Scheme

While the weighting system allows rarely occurring feature setsawtribute to

the classificationrather than be dwarfed by mdirequently occurring featursets, one

limitation of this scheme ishat each set of features &so limited in the overall

contribution it can make. For example, with a weight 0d.15 assigned tadhe author
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feature, no matter how important a particular authaybe,anyset ofvalues assigned to
the author’s weights cannot contribute more th&fo to the total. This may result in
messages being missedhi othercombination of features isot enough toclassify the
article. If the user wants to reall articlesposted by garticular author, no matter how
uninteresting the other features may be, then the weight limitation may be a problem.
A simple solution is to lower the threshold value for accepted articles. Ifatis v
is lower than 15%, then the author contribution is mikely to have animpact on
classification. However, other features may still compete with the author feature, resulting
in an undesired classification. Eaaminethe effect of weighting limitations, an alternate
system of combininfeature values was explored. In thmsthod, each featuse(author,
subject, textbody, or collaborativeet) wasscaled sothat if all occurrences were

encountered, the total is one:

1

Unit, = -
TotalAccepf + TotaRe ject

X

At this point, computing aclassification via summed scaled units fehtures
instead of theoriginal feature counters results in each featoeengtreatedequally. In
terms of frequency obccurrenceall features arescaled appropriately. Featurdsat
appear often (such as textbody tokens) will have very small unit valhis lessfrequent
features (such as authors) will have largeit values. Consequently, a single feature is
no longerlimited to apredetermined contribution to tleverall classificationput may
have a large impact if its values are adjusted large enough.

Based upon the results obtained in secfidn theunit valuesvere alsamultiplied
by scalingfactors so that morpredictive features argiven a higheweight.  Subject
units were multiplied by a scalirigctor of 3, collaborative units by 2, textbody units by 2,
and authors by 1. Note that thesalingfactorsbiasthefilter to consider certain features
more important than others, but daast limit the contribution of other features to a

predetermined percentag&or examplethe authomweights carstill contribute more to
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the final classification tharany other features, but the actual authratues must béhree
times larger than the corresponding subject weight.

Results usingthe variable weighting scheme updmoth consecutivelyposted
messages and completely new messhgEads are shown in table 6. The scheme had a
7% highererror ratethan thefixed-weighting scheme othe consecutive messages. A
highererror rate is to be expectsthcepoor predictors are nowllowed to have a larger
impact on classification. Resultsr the datasewith separate threads slightly better
than the weightedcheme, althoughot significantly. Thisdataindicatesthatoverall, the
variable schemédoes notperform much better thathe fixed-weighting scheméut may

still be useful for directed user search.

Features Used For Percentage Percentage Percentage

Classification Classified Classified Classified
Correctly Unknown Incorrectly

Consecutive 55.2 29.5 15.0

Messages

New Message 37.1 54.6 8.3

Threads

Table 6: Classification accuracy for individual sets of features.
Results are averaged over 14 subjects, showing percentage classified correctly, incorrectly,
and unknown for both consecutively posted articles and completely new articles.

4.10 Chapter Summary

This chapter has describethe global hill climbing algorithm implemented in

INFOS. The highlights of this scheme include:

+ News headers, encoded files, and quoted material are currently ignored by INFOS.
Although the determination of quoted material is difficult, simple algorithms

implemented in INFOS incorrectly detected quoted material with only 2% error.
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The global hill climbing method is based upon a simplified version of tf-idf and
Bayesian induction. The simplifications make the model easy for users to understand

and modify, but the system still retaining flexibility in classification.

Classification through keywords extracted from the subject were the most predictive
with an accuracy rate of 52% and an error rate of 12%. When combined with author,
textbody, and collaborative features, the accuracy rate remained constant at 52% but

the error rate dropped to 7%.

As more messages are read and the user model becomes more accurate, the accuracy

of the classifier increases while the unknown classifications decrease.

When reading new messages in a new context, non-semantic features such as the

author and collaborative reviews provide the highest accuracy rates for classification.
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5. Case-Based Reasoning Method

The global hill climbing method’s main strengthies in its simplicity, user
modifiability, and predictiveabilities for features that have be@neviouslyencountered.
In this casethe system will build acompact representation of user interests. However,
the global methoddoes have sommajor weaknesses. Firshe global method isunable
to discernfine differences infeatures because linearly combines allinput features
through theconditional independence assumptiang., if we are notinterested in
messages witthe features‘dynamic” and “algorithms™ut we are interested messages
with the features “genetic” anfthlgorithms”, thenthe global method will be using the
same accepted and rejected values for the word “algorithms” and may be urcidusity
correctly one or botltlasses of message§econd, theylobal method has nsemantic
content about theneaning ofwords. Thesystem Wl makeseparate table entries for the
words “bicycle” and “bike” when these words are really referring to the same thing.

Some solutionshat address thirst problem include neuraletwork andgenetic
algorithm schemesBoth of these werexamined, andhe genetialgorithm method is
described in chapter 6Preliminary experiment&ere also performedsing a radial-basis
function neuralnetwork to classify messages. In thigpproach, the extracted features
were presented to the input units and d¢leput units determined whether avot the
article was accepted or rejected. Although more powerful thagldal hill climbing
approachsince it is able to combine non-linearly anytbé input features imaking a
classification, thispproach didot give better results thahe globalhill climbing method
and haghe further drawback that a user caneaily modifythe weights of aetwork to
control classifications directly.Moreover,training timefor the network was long, further

limiting the usefulness of such a systenkor these reasons, a neural-netwbdsed
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scheme was abandoned. Howeweining of a neurahetwork uponargedata sets may
ultimately provide better results and requires further investigation.

The method used instead in INFOS is a case-based reasoning system. A case-
based scheme is capable of addresgiegweaknesses of tiggobal hill climbing method
while also providing additional functionality. By retrievimgdividual cases and using the
classification othose cases as the nelassificationthe system is capable of avoiding the
limitations of linearity. Furthermore, bydesigning a case-based reasoning system with
semantic knowledgelNFOS is capable of comparing concepégher thanindividual
words. Additionally, a CBR system also provides an excell@mportunity to support
information retrieval in addition to information filteringFinally, other systems based
upon this type of case-based technology have been successful (Alearatlp 1993;
Alvarado & Mock, 1995).

The case-based reasoning component of distem hasthree major sub
components: the method for extractionrafices relating tahe document, the method in
which articles are stored using these indices, and the metkducin articlesare retrieved
and classifications madeAll of these factors are discussed and tigoerimental results
given for the case-based scheme alevieen used alone and wheombined with the

global scheme.

5.1 Index Extraction

To index cases, houn-phrases representing the key concapls/ioiual sentences
are extracted and used witther featuresuch as theuthor,collaborativedata, etc. to
perform the actuahdexing. As withthe global hill climbing method, the article ifirst
passed through stop list to remove common, non-predictiveords. Headershinary
encodediles, andquotedmaterial is also removed. Afterwardie article is converted to

all lowercase for extraction of concepts.
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This work uses both controlled and uncontroll@ex extraction. In the
controlled approach, predefined list oterms or knowledge structures is used to guide
the indexing process. This approach is powerful and catetect conceptsvith high
accuracy; however, one most havdully defined knowledge base amedict all the
structures thatmay occur. Currently, this isnot possible for new domains. The
uncontrolled approactelies on generglurpose methods rather than pre-existioghain
knowledge to creatandices. As aesult,indices maynot bespecific or well-defined as
the controlled approach, but thenefit is generalitpcrossall domains. Thigroject uses
a combination oboth approaches in an attempt to get likaefitsboth schemes offer.
The controlled approach in INFOS is composed of a knowledge-based naetined

from WordNet, while the uncontrolled approach is composed of a keyword based method.

5.1.1 WordNet and Index Extraction

Index extraction is performed in a mansénilar to the proceduralescribed by
Paice (Paice, 1989) tautomaticallyextract textphrases foiinclusion asback-of-book
indexes. However, the use of WordNet ugilized to mapwords to concepts, and these
concepts are used gslicesrather than the actual wor@dliller, 1995). Inthe event that
a word ismissingfrom the WordNet Igicon, thenthat word is used in amverted index
to indexthe source documertdirectly. To narrow the amount of data required for
processing articles, INFO&hly focuses upon the verbs and noumdgexed inWordNet.
This approach is supported by tmelexing community since indicdésr books arealmost
always based upon nouns and verbs instead of adjectives, advethsrgrarts oSpeech
(Evans et. al., 1991).

WordNet is a project at Princetadniversity to create a knowledge-base of
English words which include part of speech identificationword usage,synonyms,

frequency usageattributesmeronyms, anthyponyms ofwords and was createdth the
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intentthat itcan be usefuior natural language projects. Nouns @eéned interms of a
hierarchical semantic organization; e.g., the word “oak” is defined as a oak-->tree-->plant-
->organism, where arrows indicate ISA relationships. While WordNet contains additional
informationabout wordssuch as PART-OF (meronym) relationshifigg mapping of a
noun or verb into the ISAierarchy isthe main use of WordNet in INFOSSince the
current version of WordNet (v1.5) containgpproximately107,000 noun senses and
approximately27,000 verb sensesapproximatelythe size of a paperback dictionary -
WordNet iscapable of recognizing terms frombaoad variety of topics. This should
eliminatethe need to creatgpecialized knowledge bases lmhited domainsand allow
processing in a variety of different domains. Domain speloefjavords, indexed directly,

can server to further differentiate different domain articles.

An example ofthe WordNet ISAhypernym hierarchyor the word“ocean” is
shown in figurel5. When a word isound in the WordNet lexicorall definitions or
sense®f that word areprovided. In the case of ocean, there tare noundefinitions;
one for the body olvater,and theotherindicating a large quantity. These definitions are

organized hierarchically, from the most specific up to more abstract concepts.

Sense 1
main, ocean, sea, briny
=> body of water, water
=> object, inanimate object, physical object
=> entity

Sense 2
ocean, sea
=> large indefinite quantity
=> indefinite quantity
=> measure, quantity, amount, quantum
=> abstraction

Figure 15 : Example WordNet hypernym hierarchies for the word “ocean.”
This word has two sense definitions, organized from the specific to the general.

The heart of the approach to automartidex extractionlies in the problem of

finding appropriate noun phrases or verb phrases. Prewous (Evanset. al., 1991,
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Paice, 1989has showed that noun phrases caretbective indices into articles. By
limiting the indexing to nourphrases, this simplifiethe natural languagearsing process.
While this processcertainly loses a large amount lafguistic informationrequired for
detailed natural language processing, in Wask anassumption has been matiat most

of this information is not necessary for information filtering.

5.1.2 Topic Neighborhoods to Identify Key Phrases

One of thekeys to identifying key nouphrases isdentifying the potential phrase
heads (Salton et. al, 1971). A variety of ad hoc rules have been useful in the past to locate
key noun phrasesincludinglocation (firsttwo and last sentences of a paragraph tend to
be important), headings, captions, cue expressions such as “important,” or transition
wordssuch as “however” (Edmundsun, 1969). Rather than use pbesatially unsafe
strategies, the approach taken in INFOS relies more heavily on statistics.

A useful observation regardingxt is that topics doot change abruptly. In
particular, with short news articles,many entirearticles haveone central concept.
However, articlesnay cover differenttopics, buttypically the topic changebit by bit as
new material replaces old material (Paice, 1989). $higports a theory of “topic
neighborhood” - sentences of tkametopic tend to be located near eaather within
some sentence radius neighborhood. The topic neighborhood thapryeexploited to
find good index words. Words thatake good indices arate representative of amticle
are terms that are nobommonlyused inEnglish,but arecommon inthe text; thosevith a
high frequencyarelikely to berelevant of the topic at hand. However, concepts are not
frequently referred texplicitly by the same namdyut often by theitogical components.

As an example, consider the following:

“There is nothing wrong with this [knowledge representation] model as far as it
goes. But at the same time anyone familiar with Al must realize that the study of
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knowledge representation - at least as it applies to the '‘commonsense’ knowledge
required for reading typical texts such as newspaper - is not going anywhere fast.
This sub field of Al has become notorious for the production of countless non-
monotonic logics and almost as many logics of knowledge and belief, and none of
the work shows any obvious application to actual knowledge-representation
problems. Indeed, the only person who has had the courage actually to try to
create large knowledge bases full of commonsense knowledge, Doug Lenat, is
believed by everyone save himself to be failing in his attempt... it is therefore time
to switch paradigms. (Charniak, 1993, pp xvii).”

In this paragraph, “knowledge representation” is a relevant term. répeated
once, but there are cases wh&zemmonsense knowledge” or “knowledge bases” are
used, and reference tlsametopic. Consequentlyfaice's hypothesis tind relevant
topic words are tadentify word stemghatfrequentlyoccurclosetogether in asentence.
Theseword stems formtopic words or significant phrases. Thisapproach can be
augmented byinding topic synonymshat frequentlyoccur closetogether in asentence,
rather than exacword matches. Wordsynonymscan beeasily found, alongwith
identifying parts of speech, through WordNet.

To accomplisithese tasks, verbs and nouns from each sentendiesardentified
through WordNet and their higrchical definition referenced. Thsgep results in dnked
list of nodes, where each node containsttipgernymsense definitiorfor the nouns and
verbs inthat sentence. Sentenardword definition order aremaintained to allow for
otherforms of processing, such as scripts or syntactic rule processing described in chapter
7. Since eackvord isexpanded int@ll possible sense definitions thfat word,this pool
of sense definitionsnay not accurately reflect the actual topicFor example, in the
sentence “the ocean is cold.”, bakbfinitions ofocean from figure 15 will be expanded
into the noddist. However, only the body ofwater definition is relevantthe large-
guantity definition does not apply.

A simplemethod to disambiguatbe correct worgense is to select the setisat
occurs mosftrequently (Miller et. al., 1994). Howeverthis scheme obviously suffers

when the most frequent sense is not referenced. Furthermore, the possibilities of increased
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performance ardimited since most senses ilv never be considered. The approach
implemented iIMNFOS expands aord intoall senses and then attemptsdisambiguate

and eliminate senses that appear irrelevant.

5.1.3 WordNet Based Index Extraction Algorithm

To refine the sensedefinitions and select relevardnes, neighborhoods of
sentences arexamined andhe intersection of sensaefinitions that match within a
specified neighborhoodre selectedThis process restricts the selectgfinitions only to
those that are reoccurring topstems and are then molikely to be relevant to the
document. To compute these stemsmadified version of Paice’s algorithm was
implemented iINNFOS. This algorithmcomputes topic senses for each sentegas &n
article is shown below in figurg6. The notation uses, ¥ denote the current sentence,
S, to denote the previous sentencgtd denote the current sentence's topic concepts, T
to denote the next sentence's topic concepts, amsh.sdOnly thefirst 20 sentences of
articles were processed to speed execution in the evextremely long postings. The
assumption was also madkat long messagesvill contain relevant material at the

beginning of the article.
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Process text article through stop-list, strip quoted material
for each sentencg,@ip to 20 sentences in the text do
begin { Find senses to use as indices }
for each successive word W ig o
if W is a verb, noun or part of a noun or verb phrase
begin
find set of ISA hierarchy meanings, ¢y} for word W via WordNet
if any topic from {Ma} is a topic of the previous sentence'’s topicg L.
i.e. any xt£{M g} and x O {T _;}
then add x to {} (Add matching topics from
last sentence to current)
else if no X){M g} was not a topic of previous sentence or
incidence {Mp} for next six sentences > SwitchOn
then assign {M} as topic for current sentence Jfr (Add new topic)
end
else add word to inverted indeXWord not found in WordNet)
for each X1 {T_;} do { Assign sense topics to sentences }

begin
if x O {T o} and incidence x for next ten sentences > SwitchOff
then add x as topic of }; i.e. add x to {Tp}
(Add topic based upon neighborhood of nearby sentences
if not mentioned explicitly in current sentence)
end
end

Figure 16: Modified Paice’s algorithm to compute topic indices

In this algorithmthe incidence indicateow often a topic T occurs in a sentence

S. This is computed by:
Incidence(T,@:ZZTl_l , where n is the number of occurrences of T;in S
=1

Consequently, if T occurs once inlIS], if T occurs twice in S, I=1.nd if T
occurs three times, 1=1.75. This equation simply scales the incidence to a value between 1
and 2, where 1 indicatesne occurrence and dicates many occurrences. The
SwitchOn and SwitchOff parametersere initially set to 1.5 so that aleast two
occurrences weraecessary withirthe given neighborhood iorder for concepts to be

activated.



66

This algorithmattempts taassigntopics to each sentence in tet, taking into
account thefrequency oftopic sensethroughout the entire documenwyhile also
maintaining &neighborhood radius” if theametopic applies to sentences before or after
the current sentence. Consequently, for each topic sense, a corresponding range of
relevant sentences is computed. Althougit implemented iNNFOS, this information
can bestored to indicatevhich sequences of sentencesresponds to a particular topic.
This information could be useful when retrieving messageshtov what sentences are
relevant to a new query.

In the event that none arery few (less tharfour) topic senses arielentified
through this procedure, and the total number of sentenseswigless than five), then the
article may betoo short for the topicsense algorithm to perform well. Since some
features are needed fordexing, INFOS simply selects up to an additional 15 sense
definitions classified as uncommon tige asndices. The frequency afccurrence of a
sense, or the commonality, is an attribute of each sHreteis accessible through
WordNet polysemy feature.

Once candidate nouns and verbs have been identified and assigned to sentences,
this information is used tmdexthe document. In addition to the sedséinition itself as
an index,otherrelevancy statisticare also associated to each temmsjuding frequency
and rarity (Evangt. al, 1991). Frequencyis merelythe number of timeshe term appears
in the document humber of timeshe term has appeared ithe domain. This measure
operates upon thassumptiorthat domainwords appearing often argndicative of the
document. Rarity is a measure of the expectieequency of avord in general English.

In WordNet,this is obtainabl¢hrough a termpolysemycount. Acommonword such as
“system” has a high value &6, while arareEnglishword such astcilia” has a low alue

of 2. In INFOS, the rarity R is defined as:
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R, =1 Polysemy,, ..
ense Max_ Polysem

Based on this definition, extremehare words W have a value of 1, while
common words will have a value closer to 0. N extremely commomvords will not
be considered, as they will be filtered out before processing.

Once bothfrequency and rarity have been determinid two are multiplied

together to give a general relevancy statistic for a sense term:

RelevancyR = Rarityx Frequency for each term. (4)

The relevancy value istoredwith each term and is used memory retrieval to

determine how closely an old article matches a new document.
5.2 Indexing of Cases

Once the appropriate noun and verb phrase senses bamnexracted from a
textual case, the article is saved and the senses ussdekthe case. In cases where
concepts cannot be extracted (evgth novelwords ordomain-specific slang/ords and
expressions) these terms are udieelctly to indexthe case through an invertealex. In
this way, caseareindexed viaboth conceptual (controlled) and keyword (uncontrolled)
vocabularies, allowingconceptual retrieval when possible, and also keyword retrieval
under unforeseen situations @t performance istill possible (Callan &Croft, 1993).
Figure 17 depicts aample inverted indexBased upon avord or tokenreferences are
made toall case articleghatcontain thaoken. In INFOSgach case pointer also contains
the number of hits anthe number of timeghat caséhas been accepted and rejected for
the giventoken to computeelevancy. Furthermore, the caseself has a classification of
accepted or rejected to computelassificationfor similar cases. Thigxample also shows

one of the weaknesses of the inveritedex approach;misspelledwords or nonsense
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words are included in the indexing process. In ternegfaiency,the indextokens can be
accessed through hash table, resulting iconstanttime to find relevant articles.
However, for purposes aimplicity, the index wasimplemented as aortedarray in the

INFOS prototype. Through binary search, lookup may be performed in logarithmic time.

Inverted Index : Words Indexing Cases

auntyem | —m casell case2l case3

frood —m casel

gringo - case2 case3d casell

marvin s case4 caseb

marvinn | cased caseb

michelle | cCasel

minsky - case4 caseb case’
— ..

Each case contains frequency of accepted & rejected hits for index word

in order to compute frequency statistics, and a pointer to the saved news article.
One drawback of this system is that misspelled words are also entered, as with
"marvin” and "marvinn."

Figure 17: Sample Inverted Index used in INFOS

The method invhich articlesare indexed usinghe sensalefinitions is inspired
from Kolodner’'s case-based memangexing scheme implementedtire CYRUSsystem
(Kolodner, 1983; Kolodner 1988) amdfined inthe FANSYSsystem (Alvaradcet. al.,
1993). Kolodner's method creates a case-based abstrdugcarchy of Memory
Organization PacketsVlOPg, where a MOP represents a concept.thia hierarchical
memory, MOPsare object-oriented. A MOHRNndexed belowanother MOP is a
specialization othat parent MOP. Furthermore, each MQfntains aset ofnormsthat
contain generalized information relating & MOPs below it. Finally, each MOP is
indexed based upon differences. Ultimatehe cases, omstances are found at the
bottom of thehierarchy. In this mannethe hierarchy moves fronthe general(at the

root) to the specific (case articles) at the leaves. The advantages of this approach include :
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(1) generalization across cases, (2) encodpagificityby groupingsimilar casesogether,
(3) fastcase retrieval byimiting memorytraversal to relevant indices, a@) elaboration
strategies that dictate where in memory to search if the initial search query fails.

The WordNet hypernym hierarchies for the words “vehicle”, “bicycle”, and “car” is
given in figurel8. Anexample memory hierarchy indexed wittese concepts is shown
in figure22. Infigure 22, onearticle contains thevord “vehicle,” another article contains

the word “bicycle,” and the last article contains the word “car.”

Sample WordNet Hierarchies

The WordNet hypernym hierarchy for vehicle is represented as:

=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

Similarly, the concept for bicycle is represented as:

bicycle, bike, wheel
=>cycle
=> wheeled vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

Finally, the concept for car is represented as represented as:

car, auto, automobile, machine, motorcar, motor car
=> motor vehicle, automotive vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

Figure 18 : WordNet hierarchies for “vehicle”, “car”, and “bicycle.”

All of the concepts ifigure 18are similar in that they are all vehicles;however,
the bicycle and theauto differ sinceone is awheeled vehicleand theother is a motor

vehicle. To indexthese concepts in thenemory hierarchy, a global hierarchy is
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constructed that indexes case articles when appropriate, or sub-MOPs that lead to the case
articles. In figure22, theroot MOPs arenot shown, but thesub-hierarchy starting at the
Conveyanceconcept isdisplayed. ThisMOP represents the concept regardiegns of
transportand conveyanceAll sub-MOPs inherithe norms of their ancestotsgnce all
MOPs located below this must also refer to transportatanicles. One specific index
currently exists fronthe ConveyanceMlOP, and it points to th&ehicle MOP. In turn,
the Vehicle MOP points to sub-MOPs, one regardingcles andanother regarding
automobiles. In addition to pointing to sub-MO#®s Vehicle MOP also has aimdex to
a specificcase referencing vehicles. Irsiailar fashion, indices fronthe wheeledvehicle
and theauto MOPs are furthespecialized until theyoo point to actual cases referencing
those concepts.

Kolodner’s algorithm tocreatethis memory hierarchy as instances are
incrementally encountered is shown in figure 19. The process is straightfomvandory
is traversed for each index in the hierarchy until an appropriate location is found to add the

case.

Memory Creation Process

When adding a new case C to memory, given new sense indices | of the article:
A) Set the current mop, Cur, to be the root mop. Compare most general terms of sense
of | to indices of Cur.
. If no matches result, create new sub-MOPs based upon differences
from Cur and | that index the new case. Link these indices starting
from Cur and set norms to terms from |.
. Else, for all matching indices from Cur, repeat at step A with Cur set to
the matching sub-Mop using the next specific terms of I.
. If last line of terms in |, set Cur to index the case.

Figure 19: Memory Creation Algorithm

Once indices have beaelectedmemory istraversed in a depth-first, recursive
manner along matching indices. During tpi®cess, if nondices match, then new
MOPS are created that correspond to riber index, ultimatelyindexingthe new case.

The new case is always indexed frohe current MORusing differences between the
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MOP’s norms and the new casé&ince this is donéor all MOPs along the depth-first
search path, there may be many MOPs and paths that are linked to the new case.

An example of addinghe threeindicescorresponding to three separate cases is
shown in figures 2@hrough 22.0ne case contains andex corresponding tosehicle,
another case correspondingltioycle,and thefinal case contains andex corresponding

to car.
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Creating MOP Memory Hierarchy: Initial
memory empty, adding first case with index
"vehicle"

New Case  : Vehiclel Initial Memory - NULL
extracted vehicle index:

=> vehicle

=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

After adding case to memory:

MOP ROOT
Norms: Root
cases : none index=entity
I
MOP 1 v
Norms: entity
cases : none index=object, inanimate
object, physical object

Y

Norms: object, inanimante, physical object

MOP 2

cases : none index=artifact, article,
artifact

]
'

MOP 6
Norms: vehicle
cases : index : none
vehiclel

—®  Case: Vehicle 1 article

Figure 20: Adding first case to memory regarding vehicle. Case indexed at bottom of hierarchy.
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Creating MOP Memory Hierarchy: adding
new case with index "bicycle"

New Case : Bicycle 2
extracted bicycle index:
=> bhicycle, bike, wheel
=> cycle
=> wheeled vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object

=> entity
After adding case to memory: *
MOP 6

Norms: vehicle
cases : index= wheeled vehicle
Vehiclel

Vehicle

Case

Article 1] -w-—————

MOP 10

Norms: wheeled vehicle

cases : index= cycle
none

MOP 11
Norms: cycle
cases . index= bicycle, bike, wheel
none

MOP 12

Norms: bicycle, bike, wheel

cases : index: none
Bike2
p Bike Case
Article 2

Figure 21: Adding second case to memory regarding bicycle. The bicycle case is added to the
portion of the hierarchy matching the vehicle, then new specializations added to the bottom of the
hierarchy.
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Creating MOP Memory Hierarchy: Indexing after adding
cases with "car", "bicycle", and finally "vehicle" indices

New Case: Car 3
extracted car index:
=> car, auto, automobile, machine, motorcar, motor car
=> motor vehicle, automotive vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object

=> entity *
After adding MOP 5
case to Norms: Conveyance, Carrier, Transport
memory: - -
cases : none index=vehicle
MOP 6
Norms: vehicle
cases : index= wheeled | index= motor
Vehiclel |vehicle vehicle, auto vehicle
Vehicle
Case
Article 1
MOP 10 MOP 13
Norms: wheeled vehicle Norms: motor vehicle, auto vehicle
cases : index= cycle cases : index= car, auto, automobile, maching,
none none motorcar
MOP 11 MOP 14
Norms: cycle Norms:car, auto, automobile, machine, motorcar
cases : index= bicycle, bike, wheel cases : index: none
none Car3
* L g CarCase
MOP 12 Article 3
Norms: bicycle, bike, wheel
cases : index: none
Bike2

—— > Bike Case
Article 2

Figure 22: Adding third case to memory regarding car. The car case is added to the portion of the
hierarchy matching the vehicle, then new specializations added to the bottom of the hierarchy. The
car is indexed separately from the bicycle based upon their differences.
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Thesesimplified examplesassumehat each case is representedobly a single
index, while inpractice each caseillwbe represented bynany indices. Initially, the
memory hierarchy is emptyUpon addingthe first index regarding vehiclefhe resulting
memory hierarchy is shown in figu0. Sincethere is nothingelse in memory, the
hierarchy is simply a linear list frotme root tothe case. Upoaddingthe second case
regarding bicycles, this imerely a specialization dhe vehicles index. Consequently, the
hierarchy is still linear,except additional MOPsire added to represent thucycle
specialization as shown in figugd. Finally, whenthe car case is added teemory as
shown in figure22, the case imdexed based upon its differences frother cases. The

index differs in the type of vehicle, resulting in a fork within the memory hierarchy.

5.2.1 Matching Indices

Throughout the previoudiscussion, onéletail has been glosseder: how are
indices linking cases compared to each other? To traversehigrarchy requires
comparisons among thesedices. If the indices match exactlythen thesetwo are
obviously computed as identical. However, some indacessomprised of partial overlap.
For example, one index linking cases may be “car, motorcar, machine” while another index
may be “machine, tool.” Both indices share the terffimzfchine”; should this benough
to treat the indices as identical?

The approach taken in INFOS has been to consimtictes to match if at least
WNMATCHPERCENTDf the terms in the quenyndex are containeadwithin the target
index. Thispercentage was set to 85% dathow only closely matching indices to be
traversed. However, tallow looser or even more restrictive matches, Hakie can be

easily modified.
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5.2.2 Generalization and Differences from CYRUS

While Kolodner's original CYRUS system performed a&tep known as
generalization thisstep is nonhecessary in INFOSincethe indicesarealready organized
hierarchicallybefore insertion into memory. BYRUS, theindicesused werendividual
tokens; e.g. the simplendex “transportation=car” instead of a completeerarchy
representing theneaning ofcar. Consequently, generalization was necessaoprder to
form abstractions from these flawncepts. This stepcan be bypassed in INFG8ice the
extracted indices already have structure.

Other differences fromCYRUS include token-basedindices in the memory
hierarchy instead of attribute-value indices, amdy partial indexing inthe INFOS
memory hierarchy aspposed to completsdexing in CYRUS. The attribute-value
indices of CYRUS allow retrieval tgroceedquickly by limiting traversal to thosedices
whose attributegxactly matchthe value. This has been replacedIMFOS with the
partial matching scheme describehe previous section. However, retrieval willl be
quick in INFOSsince search is alsamited only to matching indicesjot a complete
search of the entire hierarchy.

An additional difference betwedhe two systems ighe amount oindexing; in
CYRUS, all features are used index eachother. In other words, there dsiplication
among features; there is a path fromrihet toindex A to index B to &ase, asvell as a
path from theroot toindex B to index A to &ase. This results in a rich hierarchy with
many paths to an instance, but there is a large amount of redundamhatitor. In
INFOS, memory has beetompacted so that andex hierarchy isiotindexed fromother
indicesbut isindexedindividually fromtheroot. However, portions oindicesare shared
when they referencagmilar concepts, as in thexample hierarchy showfor “bicycle” and
“vehicle.” This results in a much more compact memory hierarchy occupyingésssry

and system resources, but still allows cases to be retrieved.
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5.2.3 Size Limitations

While using a case-bader articlesthat are reactan be an effective means of
classificationthere are storagamitations tostoringall messages ever read along with the
memory hierarchy. CurrentlyNFOS assumeample diskspace isavailable tostore the
articles and the memory hierarchy. However, a number of options exist if storage space is
low. One solution is to add a new casdy if no othercases existhat aresimilar to the
new casewithin a threshold valuey. The determination of a match is described in the
memory retrievakection. Additionally, an agingorocess can bienplementedhat marks
the recency of caséisat areaccessed; the oldest cafieast have nobeen accessed can be
removed by the user if desired.

The disk space required sbore thearticles increasenearly asarticles are read.
However, toexaminethe issue of required disk space gtore thememory hierarchy, the
size was examined as up to 425 messages were processed. The results arefighosvn in
23. Initially, almost 1MB is required tstore theinitial indices as MOPsre created.
However, as morendicesare added, there is anmcrease irthe amount osharing among
existing branches ofhe hierarchy, and less memory iequired. Consequently, the

memory required begins to level off asymptotically.
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Size of Memory Hierarchy vs. Number of Messages Read
Size in MB
35
- Size, in MB
3 B —
25 -
2 I
15 -
1+
05 |-
I | | | | |
0 50 100 200 300 425
Number of messages read

Figure 23 : Size of memory hierarchy as messages are indexed.

5.3 Memory Retrieval

Case-based memory retriewabolves searchingpr applicable cases based upon a
givenset of features. These features are simply WordBlaete indices from a new article
that needs to be classified, and thae selectedisingthe same algorithm described in
section 5.1. Caseetrieval in INFOS idairly simple. Adepth-first search is performed
along indiceghat match the input queryntil casesare retrieved or there are no more

input indices to follow. There are five cases that may occur while searching:

1. No indices fronthe query match in thememory hierarchy. This indicatéise desired
material is not located in memory, or elaboration strategies are required to find them.

2. The query matches exactly to a caséhexmemory hierarchy. Thisase should be
returned as a complete match, indicated in INFOS by a match value of 1.

3. The query matchdadices exactly in memonhut there is no case at the end of the
hierarchy. For example, thicurs if the query i%sehicle” but memory only contains

the definition for “bicycle.” A vehicle will completely match &icycle since it is a
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more general form of dicycle. Consequentlythe bicycle case is retrieved by
retrieving all cases located below the quebyt these cases apenalized by the
amount theydiffer from the query. Irthis examplethe penalty isthe amount aehicle
differs from a bicycle. Ithe depth of théicycle case in thenierarchy isD, and the
depth of the vehicle query matchQsthen the partial match value returne@i®.

4. While performingthe deptHirst search othe query among matchimgdices, a link to
a case is foundFor example, this wilbccur if thequery is“bicycle” but memoryonly
contains thadefinition for “vehicle.” The search isot complete, sinceéhe query is
more specific, but doasatch thedefinition for the moregeneral vehicle. As inase 3,
these articles are relevant and are returhatlithey are penalized bythe amount the
guery overshoots the case. If the depth obibgclequery isQ, and the depth of the
vehicle case in the hierarchyls then the partial match returnedd&.

5. The quenponly partially matcheshe links in memory. To allowior partial matches,
non-matching linkswere allowed to be traversed as longtls total mismatch
percentage was belotlNDEXMATCHPERC This percentage is computed by
counting thenumber of mismatched links, ado/iding bythe depth of the query. In
INFOS, this percentage waset to 75% taoallow some non-matchintinks to be
explored, but to alsout off search ifmore than ahandful of irrelevantinks were
examined. Any cases retrieved werpenalized by subtractinghe number of
mismatched linkd from the query deptl, andmultiplying the resulting match by
L/Q. TheINDEXMATCHPERGralue can be increased to force closer matohs

or decreased to allow even more general matches.

As an example otase 5, consider the WordNstnse concept for automobilghich is

represented as:
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car, auto, automobile, machine, motorcar, motor car
=> motor vehicle, automotive vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

while the concept for bicycle is represented as:

bicycle, bike, wheel
=> cycle
=> wheeled vehicle
=> vehicle
=> conveyance, carrier, transport
=> instrumentality
=> artifact, article, artifact
=> object, inanimate object, physical object
=> entity

In comparing theauto query to thebicycle representation in théierarchical
memory, the bicycle query will match the representation fauto exactly down to the
MOP that representsehicle.” The nexttwo sets otermswill not match, resulting in a
match percentage @/8 or 75%. Consequently, théicycle case willstill be retrieved,
since this match istill exceedingINDEXMATCHPERC but thematchreturn value is
penalized by 25%.

While the process described above is faghay fail in finding amatch atall if the
wrong terms or keywords aseipplied. In this cas#he searclalgorithmmayproceed by
attempting to expand the searchrbgdifying the search query. The process of searching
for the right search queries called elaboration. Kolodnemplements a variety of
elaboration strategies in the CYRWYystem. Possible strategi@xlude context-to-
context and component-to-context elaboration strategies (infer a new context based on the
current context or a component to search in an alternatehbmaf the hierarchy) or
component-to-component elaboration strategiieder a new component to search

potentially deeper in thehierarchy). In thisproject, elaboration strategies were not
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necessary since queries alwags$rieved case articles. However, if the straightforward
retrieval processloes notretrieveany cases, then elaboration can proceed by searching
upon related part-of terms that may be generated from WordNet.

The search algorithm outlined above allows matches to be made between exact
matches, specific queries and general menabjects, general queries argpecific
memoryobjects, and objects that agieilar, but slightly different. For each case that is
retrieved, theverall match valuéor that case is computed bymmingoverall n feature

gueries the following distance function:
Match= % z (MatchPercen) x Re levangy (5)
1=1

In equation 5, theelevancy of aterm is computed according to equation 4
(section 5.1) given in the feature extraction section. The relevancy for terms present in the
input butnot in theretrieved case is 0, and thelevancyfor keywordsindexed through
the invertedindex is 1.The MatchPercentalue for these terms is computed through
equation 1 (section 4.3), tleame method usddr keywords in theglobal hill climbing
scheme.

In INFOS, the retrieved cases aerted by degree ahatch. Theclassification
statistics of the best matching case can then be usddstifythe new articleusing the
Accepted and Rejected counters for the case and computiagsdication vieequation 2
(section 4.3). Tharticle number can also be displayed as a justificatictiheéouser to
indicate whyINFOS believesnew articles should belassified similarly. Sincethe case
base marks which sentengetate tospecifictopics through the topic sterentification
step, exacsentences can be displayedhe user as pstificationfor why the newarticle
is classifiedheway it is. Furthermore, in the event that a usesaarching fopreviously
read concepts, the exact sentences can be quickly displayed to the user.

Another possibleclassification technique is tose the completset of retrieved

articles forclassification,rather than singleut one case. Iithis method, ppposed by
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Riloff, the set of retrieved cases #atistically averagedogether to result in a
classification ofthe new articl€Riloff, 1993). The classification can then be performed
through equation 2 (section 4.33ingthe combined Rejection andiccepted counters of
all retrieved cases. Both of theskssification methodsvere testedand experimental

results are given in section 5.5.

5.4 Case-Based Scheme for Information Retrieval

To examinethe effectiveness othe case-baseslystem with existing information
retrieval systemgshe case-base was trained d@ested upon th&ime test seit This set
has been popular for use the information retrieval community and consists of 425
articles extracted from Time Magazine in 1963. Along with the documents are 83 queries.
Each query is one to three sentences long and describes one or more artidles fesn
collection. Aset ofrelevancy judgments, provided byperts, are alsancluded that
indicate which ofthe 425 articles corresponds to the query. Each queryypasilly
related to anywhere from 1-7 documents.

When processinthe 425 articles, INFO8nly trained up to thdirst 20 sentences
of each article. Some articles contained more than 20 sentences; this additional text was
discarded in order to expedite the test. This resulted in the failure to retrieve some queries
that were related to teXpund at the end of long articles. After the articles were
processed, INFOS wagiven the queries and ast of retrieved articleproduced and
sorted in rank through thease-based procesSince INFOS retrieves a largeimber of
articleswhile aquerymay only have a handful oélevant articles listed, a hit for quegy
wasdefined accurring if an article was listadlithin the top X entries of INFO'’s list of

returneditemsfor Q. X is defined ashe 3timesthe number of documents actually listed

1This and other test collections are available at
http://www.dcs.gla.ac.uk/idom/ir_resources/test_collections/lisa/
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as being relevant to que@ in the relevancy judgmentile. This credit systemallows
INFOS the flexibility to retrieve articles and force the systenoto thetruly relevant files
near the top, but not necessarily at the very top.

The results usingNFOS for case-based retrieval alone and wt@mbined with
the invertedndex schemare shown in table 7Additionally, results are also shown for
the tf-idf method. Thef-idf method was als@nly trained upontext from thefirst 20

sentences of each article.

Method Documents Documents Missed Precision
Correctly Retrieved
Case-Based Alone 215 111 66%
tf-idf 247 79 76%
Case Based + 288 38 88%
Inverted Index

Table 7: Results of Information Retrieval upon Time dataset

The table showghat the CBR method alone performs theorst of all the
techniques, retrievingnly 66% of thearticles.  The low performance occyorgmarily
when topic senses armadequatelyextracted from the text. As a result, thgicle is
indexed with irrelevant definitiondpor example,the burning sense othe word “fire”
instead of the shootindefinition of fire in a sentence such as “He fitee rifle.” The
problem of determininghe proper wordsense disambiguation is an extremeifficult
one, and the results indicate thdexextraction performenly marginally. Expansion of
words into theirdefinitions can be detrimental unlés® correctsense is known, because
addingthe relatives ofthe wrong sense addslditional noise tdhe matching process
(Voorhees, 1994). Nevertheless, deshiie problemthe CBR methodtill performed
close to the tf-idf method.

The true benefit ofthe CBR method occunshen it is combined withhe files

retrieved through the inverteiddices. Recalthat theinverted index systenused in
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INFOS is aslightly simplerversion of tf-idf sincehe termfrequency inall documents is
ignored. When the CBR classifications weoenbined withthefiles retrieved through the
inverted indices, precision @&8% wasachieved, higher than tf-idf alone. This indicates
that there ismerit in usingthe CBRsystem. The process of conceptudbrmation
retrieval does retrievearticles in whichthe keywordschemes have difficulties. These
results also indicat¢hat the best uses for tH@BR schememay be achieved when

combined with keyword approaches.

5.5 Results of Case-Based Scheme

Experiments were also performasingthe case-basesystem orthe Usenehews
domain. Theséests were performeasingboth the best matching caslassification and
the averagelass classification scheme discussed in se&i8n Additionally, the same
tests that were run through tgkbal hill climbing schemewere also run with the case-
based schemekFinally, the case-based scheme was testleen used in conjunctiowith
theglobal scheme. Whased in conjunction with thglobal schemethe global scheme
classification was performed first. If theglobal schemereturned an unknown
classification, therthe classification ofthe case-based scheme was used. dibieal
scheme was performed first because it was found to have adomeerrate,and is also
quicker than the CBR method. If a simple method can provideaitrectclassification, it
is reasonable to ughat methodbefore more complex onese attempted. Theverall
results indicate that theemantic and keyword baséliering provided by thecombined
best match CBR andlobal hill climbing schemeperforms best. Théybrid method

improved the correct classification percentage over the global hill climbing method alone.
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5.5.1 Experimental Results - Consecutively Posted Articles

Using the samedata provided bysubjects from theexperiment described in the
global hill climbing experimentichapter 4), INFOSvith the CBR component was trained
upon thesame 50 articles selected at random ftbm set of 10@:onsecutivelyposted
messages. Classificationgere made and performance evaluated according to the
methods presented in chapter 4. A summary of the results is shown in shloleiBg the
Global Hill Climbing method (GHC), case-based reasoralane usinghe average of all
retrieved cases to make a classification, case-based reasoning alonkeadassification
of the most highly ranked case as the classificationbattdCBRschemes combined with
the globalhill climbing method. Theombined CBR scheme usibgst match witlglobal
hill climbing performed best, although it haglayhtly highererror ratethan theglobal hill

climbing method alone.

Classification Percentage| Percentage| Percentage| Percent | Percent
Method Classified | Classified | Classified False False
Correctly Unknown | Incorrectly | Positives| Negatives
Global Hill 51.5 40.9 7.3 50 50
Climbing (GHC)
CBR - Averaging 54.2 26.8 18.9 45 55
across Cases
CBR - Best Match 39.8 50.5 9.5 77 33
as Class
Combine GHC + 62.1 20.9 16.8 47 54
CBR Average
Combine GHC + 58.0 29.9 12.1 62 37
CBR Best Match

Table 8: Classification accuracy for various methods.
Results are averaged over 14 subjects, showing percentage classified correctly, incorrectly,
and unknown for 100 consecutively posted articles, 50 articles read. Methods tested
include Case-Based Reasoning (CBR) method using average of retrieved cases, CBR using
best matching case as classifier, and combined versions of both with Global Hill Climbing
(GHC) method. The types of errors in both schemes are also reported.
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The results from this experiment indicatat theglobal hill climbing methodstill
hasthe lowest error. As described in secttod, thecase-based scheme will have some
poorindicesdue to the senstisambiguation problerthatcan allow irrelevant cases to be
retrieved. Consequently, the CBRhemesoth havehighererror rateshan theglobal
hill climbing method. The sens#isambiguation problemmay also account fowhy the
CBR schemdhat averageall retrieved cases returned thighesterror rate;irrelevant
cases were factored into tlotassification. However, the best match CBR method
returned error rateenly slightly higherthan theglobal hill climbing scheme, probably
because the best matching case is more relevant to the input aileée. combined with
the global hillclimbing schemethe best match CBR methddesachieve a slightly higher
correct classification percentage at 58%and a slightly higher error rate at 12%.
However,this errorwas comprisegrimarily from falsepositives, a less serioesror than
false negatives. One explanation for this phenomenaomay be aprototype article
representative of an entire thread that tends to be retradedanked first foall articles
in that thread; the otheschemesmay averageout the effects of individual articles,

resulting in more even balance between false positives and false negatives.

5.5.2 Experimental Results - New Threads - Unread Articles

Experiments were also conductesingthe same classification methods upon the
datasetvith completely new article threads. This simulatesader whahas built up a
user profile, but has not read any articles for several days or weeks, resulting in new article
threads and topics. Theombined weightdor the global hill climbing schemewere
identical to those described in sectiod.8, and theexperimental methodsvere also
identical. The resultare shown in table 9. Thesmbined globahill climbing and best
match CBR algorithm producdbe best resultandicating that the CBR scheme and

conceptual indexing is useful when addressing a new set of data.
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Classification Percentage| Percentage| Percentage| Percent | Percent
Method Classified | Classified | Classified False False
Correctly Unknown | Incorrectly | Positives| Negatives
Global Hill 30.9 59.8 7.7 71 29
Climbing (GHC)
CBR - Averaging 53.0 28.0 18.9 47 53
across Cases
CBR - Best Match 25.7 69.5 5.3 54 46
as Class
Combine GHC + 59.8 16.6 23.5 30 70
CBR Average
Combine GHC + 43.9 43.9 12.1 65 35
CBR Best Match

Table 9: Classification accuracy for various methods.
Results are averaged over 14 subjects, showing percentage classified correctly, incorrectly,
and unknown for 50 articles from new threads, 100 articles read. Methods tested include
Case-Based Reasoning (CBR) method using average of retrieved cases, CBR using best
matching case as classifier, and combined versions of both with Global Hill Climbing
(GHC) method. The types of errors in both schemes are also reported.

Once againthe best match CBR scheme performed best overall. The CBR
averaging scheme did result in a higher percentage of correct classifidatibalso had a
much higheeerror rate. Irthis experimentthe CBR schemsignificantlyimproved upon
the performance of thglobal hill climbing schemealone, increasing an additional 13%
while contributing 4% additional error. The reasontfagincrease in performancetisat
semanticcontent is more importanthen aset ofcompletely newthreads and articles is
involved. This new set of articles will have fewer keywords in commonth®aald set of
data, lowering performance of keyword methods.  However, nigpping the new
vocabulary intoconcepts, correlations can bede with previouslyead articles. These

concepts are identifiable by the case-based scheme, but not through the keyword scheme.
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5.6 Long Term Studies

A longer term study of INFOS’s CBR bestatch/hill climbing scheme was
conductedusingthree subjects reading thied.life newsgroup. The subjects read a total
of 400 consecutivelypostedmessages. lorder to simulate how usersactually read
messages, the 400essages were broken up isi® groups of 5Qarticles: articlesl-50,
51-100, 101-150, up to 351-400. Subjects readctassified all400 articles. Starting
with the first group ofarticles, INFOS was trained upon 20 articteadomly selected
from eachgroupand therclassifiedthe group’s unread articles along with unreatitles
from earlier groups. This procedure is similar to how users actually read messages: a new
batch of articles appears, users read a selection of these articles, and themc|HS5i0S
the rest of the articles and future articles for users to peruse. Averages for the three users
indicatingthe percentage of articletassifiedcorrectly, incorrectly, and unknown ahis

data using the CBR/Global Hill Climbing method is shown in figure 24.

Prediction Percentage Correct, Incorrect, and Unknown
for 400 Messages from ucd.life
Combined Global Hill Climbing and CBR
Percentage
0.8
07 L - + % Correct
r u u % Incorrect
0.5
F *
0.4 [ - % Unknown
0.3 ,?—*
r */ h *
0.2 -
r ,%' ‘\
O L L L L L
0 100 200 300 400 500
Number of Messages

Figure 24 : Long Term study for Combined CBR/Global Hill Climbing.
Subjects read 400 articles in groups 5f, training wasperformed upon 20 randomly
selectedarticles from each group, and testing vpasformed on the unread articles of the
group. Performance stabilizes at 60% correct, 30% unknown, and 10% incorrect.
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Initially, the usemodel is empty anthe results arslightly erratic due to théack
of knowledge in the usenodel andthe lack of diverse topics in some tie data sets.
However, afterapproximatelyfour of the messagegroups have been processed and a
larger diversity of messagesicountered, thelassificationratesstabilize at close to 60%
correct, 30%unknown, andL0% incorrect. These percentages\ag close tothose
obtained in the previousxperiment and described in Table 8. Nibt&t the percentage
of correctmessages stabilizes at approxima@&db instead of continuing to rise as the
usermodel becomes mor&ccurate. Factors that prevent INFOS frdassifyingmore
articles correctly include an influx of new topics that INFOSaty/et learned talassify

and changing user interests.

5.7 Chapter Summary

This chapter has describéde case-based reasoning component of INFOS along
with its integration with thelobal hill climbing method. Thehighlights of this scheme

include:

« Use of WordNet tanapwords into a conceptual abstractioerarchy. Words and

phrases can now be compared at a conceptual level.

« Modified version of Paice’s algorithm textract candidate nouns arnrbs for
WordNet lookup and subsequeiridexing based upon the concept of topic

neighborhoods.

« Cases arandexed in memonthrough amodified version of Kolodner'snemory
creation algorithm. Cases arelexed in an abstraction hierarchigicilitating quick

retrieval and the automatic clustering of cases by similarity.
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Retrieval of cases is executed by performing a depth-first sdaaigh thememory
hierarchy along matching indices. By following mismatches, partial matches can be

retrieved (e.g., a bicycle query may retrieve cases regarding automobiles).

The case-based schemay beused forinformation retrieval. Wheroupled with an

inverted index, the CBR scheme outperformed tf-idf on the Time dataset.

When the global hill climbing scheme isinvoked first, and then the case-based
reasoning method invoked when the global hill climbing scheme tfadsaccuracyate
increased to 58% although the error rate also increased to 12%. The increased error is
due toinaccurately disambiguated nouns and verbs. Wised over a longer period

of time, the accuracy rate stabilized near 60% and the error rate stabilized near 10%.
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6. Genetic Algorithm Method

While acase-based reasoning system saccessfully augment lkeeyword based
approach withsemantic knowledge and improfittering recall, a genetic algorithm can
provide for exploration and increasgdwer. In NewT, Sheth showed thatganetic
algorithm helped readers exploogher newsgroups bwpplying user models across
different newsgroups(Sheth, 1994). These readers found interesting articles in
newsgroups they wouldot normally read. This approach couldertainly be applied to
INFOS, since eacmewsgroup contains its owgiobal hill climbing table. However, can
the genetialgorithm also be applied to within a singlewsgroup taid in exploration?
A genetic scheme was constructed to addit@ssquestion iINNFOS. This scheme is
calledthe local genetic hill climbing methodsince it augmentthe hill climbing scheme
by using hill climbing to learn in addition to learninghrough geneticalgorithms.
Experimental results indicathat thegenetic scheme, when coupled wtitie hill climbing
algorithm, canproduce better results than tiggobal hill climbing schemealone by

exploring the news space and performing non-linear classifications among article features.

6.1 Local Genetic Hill Climbing

The local genetitiill climbing methodexamined INNFOS issimilar to the global
hill-climbing method except instead of a single dynamic tHigee is a population ahany
tables, where each table constitutesnaiividual, and eachndividual performs its owrhill
climbing as well agienetic crossover (Holland, 1975; Mot892). Eachndividual in the
population can be viewed as agent attempting tanodel someaspect of the user’s

interests. Thosedividuals that dowell at modelingthe userwill thrive and survive,
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producingsimilar offspring. Thosendividualsthat do a poojob will die. Eventually the
population will adapt so individuals accurately model the user.

Additionally, through a collection of tables, tHenitations of the global hill
climbing scheme’s linear classificati@are removed. In thglobal hill climbing method, a
word can haveonly one definition. No matter whatontext a word appears, tisame
table weightawill be used. With a genetic methoagding multiple tableghe sameword
can appear in separate tables but with different weights; in this maaparate tables can
serve toidentify different meanings of aord if the weights are updatedifferently.
However, forthis method to be usefugther words that indate the context of the
ambiguouswvord will have to be separated in edable sothat the correctable is used.
For example, to disambiguathe word“shark” one table could contain weights for the
words “great” andwhite” to indicatethe fish, while another table could contain weights
for the words “San Jose” to indicate the hockey team.

An introduction to genetic algorithms igiven in section 3.4. Additional
background information regardirtbe operation of genetialgorithms can be found in
Goldberg (1989). To run the genetic algorithm, the table size was setlihg each
individual to identify combinations up to Z@atures. Most articles could hmiquely
identified through 4 or 5 features; consequently, eawhvidual has the capacity to
represent at leastdpecific messages apeérhaps more general types of messages. These
feature tables comprise the chromosome of @aikidual. The entries in each table are
initialized to features selected randomly froreed of 10Qpreviouslystoredmessages, and
the accepted and rejectealues initialized tesmallrandom numbers between 0 and 5. In
addition to the table, each chromosome also consists of a hiartaplethat counts the
number of times a particulardividual has made &orrect, or incorrectprediction. This

variable is initialized to zero.
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6.1.1 Hill Climbing Component

The genetic algorithrmalassificationprocedure isimilar to the global hill climbing
method, except there are nomanytables to examinastead of onglobal table. Since
the best-match approach worked best for the case-lsdesine,the classification
approach for the genetic lmme first findsthe singleindividual that bestmatches the
input. This is determined by computifigpw many features from the query input are
present in thendividual. The individual with the most matching features is selected as
most representative of the input article. If at l€agtercent of the features match, then
the accepted and rejectedlues fromthe matching features dhis single individual are
added and used to compute a prediction in a madeatical tothat of theglobal hill
climbing approach. If the bestdividual doesn't match at lea§ percent, it isdeemed
too distant from the input tanake anaccurate prediction, and the predictionset to
Unknown. In thigoroject,C was set to 50% so &asthalf of the features must match to
activate an individualThe hill-climbing learningprocedure is outlined next. Each new
article read by the user atassified as accepted wmejected. If rejected, then the rejected
values ofall features matchinghe input arancremented irthe tables ofll individuals.
Similarly, if accepted, then the acceptealues ofall features matching the input are
incremented in the tables of all individuals. This is a glapdiatesimilar tothe globalhill
climbing approach.

The next step is to update tldividuals with greater thanC percent of its
features matching the features of the message. The predicatirobfheseindividuals is
computed; if the prediction equals the actwalue, thenthe history variable is
incremented. If it is incorrect, the history is decremeniiuls history variablestores the
number of times a particulamdividual has beercorrect,and will be used in thegenetic

algorithm fitness function.
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The final step is to create newmdividuals if necessary. If the beshatching
individual has a match percentagess$ tharC, then noindividual existswho matches the
input and one must be created. Tigividual with the snallest fithess antbwestmatch
percentage is selected and its featwseisto those of the input. lddition to exactly
matching new messagtsat arefar away from existing individuals, thggocess also adds

new features into the gene pool for the genetic algorithm component of the system.

6.1.2 Genetic Algorithm Component

After the useffinishesreading messages, the genetigorithm componengoes
into effect. Rather than store all previously read messages for training, the system trains in
batches, usingnly the set oimessages read the previous session. However, if desired,
training could be performed aall messages sinadhe CBR scheme will sava@essages
anyway. Thisapproach wasot taken inthesesimulationsdue to thencrease in training
time that would result. With ditness function based updhese messages alone, it is
possiblethatindividualswho classified well orold messages wouldassifypoorly on the
new messagset. Consequently, it is possibliat potentially good individualghat
performedwell on old messages illvbe given an unfair fitness. Thesedividuals may
then be left out of mating, or may be destroyed during the crossover process.

To help makehe fitnessmorefair to these oldndividuals,the historyvariable is
included intothe fitness calculations. This will bigke fithess by includinghe previous
performance of eadndividual inthe past. For eaainessage ithe set ofarticlesread, a
prediction is computed using the equation 3 (section 4.4). The fitness oh@atual is
given bythe historyvariable plughe sum ofthe correcipredictionsminusthe sum of the
incorrect predictions. The crossover operation EsegessProportionate Reproduction
(Holland, 1975) to selectwo parentindividuals from the population. The actual

crossover operation tsvo point crossovertwo indicesare selected at randomoi one
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of the parents, andll features and valuewithin this selectionare switched among
parents. The historyariablesfor both parents are then set to the average ofittery

value of thewo parents.The mutation operation works lsglecting a single individual at
random and then either adding a positive or negative random vatue tof the feature
values, or by selecting a new feature at random ftloenset ofnew messages and

randomly replace an old feature.

6.2 Local Genetic Hill Climbing - Experimental Results

The globalhill climbing algorithm andthe local hill climbing genetic algorithm
were both tested on a set of 1@@essagesextractedfrom the comp.ai artificial
intelligence newsgroup. Three users realll of these messages and marked each as
accepted or rejected. The first 50 messages were used for trainintheasystem
predicted the users’ choices for tiest of the unreathessages and averagéeé correct,
unknown, and incorrect predictions. These resultsndidncorporatecollaborativedata
that would be collected when multiple users share reviews with each other.

For the genetic schemethe number of generations varied from 0 to 5, the
probability of mutationwas set ta2%, and the populatiosize wasset to 50. With the
exception of thenumber of generations, thesee fairly standard settings (Goldberg,
1989). The number of generations Wwagt low,sinceSheth showed thatlarge number
of generations results in excessmiing of user models. Ihis experiments, only amall

number of generations were run, compared to traditional genetic algorithms (Sheth, 1994).

A summary ofthe results for both methods is shown in tab@® In this
experimentthe global method hadhe lowest error rate at 2%nd bestclassification

percentage at 52%.
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Classification Percentage Percentage Percentage
Method Classified Classified Classified
Correctly Unknown Incorrectly
Global Hill Climbing 52 46 2
Genetic, 0 generations 42 50 8
Genetic, 1 generations 44 52 4
Genetic, 3 generations 42 54 4
Genetic, 5 generations 36 58 6

Table 10: Classification on comp.ai articles for Global and Genetic Schemes

The percent of correct classifications for the best genetic method of 1 generation is
slightly lower than theglobal hill climbing scheme a#4% opposed to 52%yobably due
to the slowertraining time tharthe global scheme, anthe relatively smallamount of
training performed (only 50 messages). The resafts similar when run with 3
generations per batch, but accuracy decreastd 5 generations. At this point, the
amount of crossover destroy&mb manyold individuals necessary tperform well, and
the accuracy of correct predictions decreased down to 36%.

While these results indicate that tgbal scheme performs better on thet of
data, further testing isecessary before conclusiommy bedrawn and generalized. In
particular, a larger data sahd testing with larger batch sizemy result insignificantly
different performance. Furthermotlge genetic scheme does perform okay on its own,
correctly classifying a large portion of the data set and making relatively few errors.

Further insight may also be gained bygxamining whichmessagesare being
classified bythe genetic scheme and comparing these to the anslassified by the
global scheme. Comparison tifese answers indicatésat thegenetic scheme often
makescorrectclassifications of messag#sat theglobal scheme marked as unknown. In
other words, thgenetic scheme ha&dfectively enlargedhe search space toclude new
areas that thglobal scheme wouldot consider. In the run with 1 generatiper batch,
18% of the correctlglassifiedanswers werelassified asinknown by theglobal scheme.

This percentage reached 30% in the with 3 generationper batch. Sincethe genetic
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scheme is capable of classification in cases wheeeglobal scheme is nothe two
systems can be combined together to produce a single system with higher overall precision
and breadth than either alone, just as was done witglobeal hill climbing method and
the CBR method.

Table 11 showghe resultavhen messages classifieduasknown by theglobal hill
climbing method are thenlassified usinghe geneticscheme. Performance is improved

significantly, up to 64% correct classification with low error.

Classification Percentage Percentage Percentage
Method Classified Classified Classified
Correctly Unknown Incorrectly
Global Hill Climbing 52 46 2
Combined Method 59 38 3
1 generations
Combined Method, 64 32 4
3 generations

Table 11: Combined Genetic + Global Hill Climbing scheme correctly classifies messages
unknown by Global Hill Climbing Method for improved overall performance

The results from table 11 indicatlkeat afew generations othe more powerful
genetic algorithm scheme can helsers explore the search space ancrease
classification precision. Notéwat this scheme has only been appliedthe individuals
operatingwithin the samenewsgroup. Future work required to investigatthe effects

of combining individuals operating upon different newsgroups.
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6.3 Chapter Summary

This chapter has describdide implementation othe genetialgorithm component

of INFOS. The highlights of this method include:

« Local genetichill climbing applies a genetic algorithm to a population of gldhukhl
climbingtables. This method is capable of performing non-lictsificationslue to
the separation of tables, but is maifficult to train than theglobal hill climbing

method.

+ Whenused alone, the genetadgorithm scheme performetiorse than thelobal hill
climbing method. Howeverwhen combined witithe global hill climbing scheme,
classification accuracy increased by 10% over the global hill climbing method while the

error rate increased by only 1%.

« Experimental results indicatiat genetic algorithmsare useful for exploring other
areas of the news space, and provide for a controlled methihadeddification. This

may be useful to prevent a news filter from defining a user’s interests too narrowly.
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7. From Word Recognition to Phrase and Sentence Recognition

The indexingmethods employed ithe global hill climbing, case-based reasoning,
and genetic algorithm chaptexseall based orbottom-upknowledge. Giventhe meaning
of individual words, statistics or cases aederencedhatmay berelevant. In addition to
bottom-up recognitiontop-downmethods are alsemployed by humans. Casesy be
inferred or referencethrough scripts, plans, or other conceptual structufésse are all
high-level knowledge structures. However, befthrey can bereated, concepts at the
word, phrasesentence, and paragrafgvels mustall be parsed and recognizedThis

chapter investigates the identification of concepts at the level of phrases and sentences.

7.1 Index Patterns

WordNet identifies concepts at the level of words and common phrases. However,
the definition of words inisolationdoes notalwayscorrectlyindex an article. If we are
interested in gamedbat the Sacramentings basketball team has wahgen appropriate
concepts for search and retriewatlude “Sacramento Kings”, “basketball”, afin.”
However, retrieval upon these concefus keywords)will also match articles iwhich
the Sacramentéings lost, but the opponerttas won. The concepts of “Sacramento
Kings”, “basketball’, and‘win” are all present in these incorrectly retrieved articles,
except the matchintyin” is in reference to the opponenit the Kings. The knowledge
required to distinguisithe winner isthe syntax that piecestogether concepts ttrm
sentences and phrases.

Identifying concepts at thdevel of phrases and sentences througymtax and
semantics ighe major thrust of parsers.Although theparsing process isimplified in

INFOS, theparsing method employed is based upon case-based parsing (Riesbeck and
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Martin, 1986). Case-based parsing is seen as a recognition process regaimog/
organization and search. As described in the previous section, MOP structures are used to
represent concepts. These concamthide linguistic, domain, angorld knowledge. A
MOP may beused to represent a word, a conceptarmyothersemantically useful item
within memory. Asproposed by Riesbeck and Martin, there are MOPs for wact
that thesystem kows, aswell as MOPs callethdex patterns(Riesbeck & Martin, 1986;
Riesbeck & Schank, 1989) that repres&eteotypical mappings of natural language into
their corresponding concepts. Thasdex patternsdrive the parsingprocess. Other
MOPs represent processing knowledge #ystem has to aid in constructing case
descriptions.

The actual parsing of #gext involves the recognition ofslot-filler relationships
between concepts ingiventext. As anexamplethe FANSYSsystem (Alvaradet. al.,
1993; Alvarado &Mock, 1995) employs indexpatterns to parse cases of powering an
object on. Thendexpattern{ <actor> “powers” “up” <object> } => M-POWER-UP-
EVENT specifiesthat a power-up evergan be recognized if aamctor concepfollowed
immediately bythe words “powers upfollowed by some objeatoncept is recognized
from the inputtext. Theactor and object concepts are slots in the powerupnt
representation; théndex pattern represents thiknguistic or conceptual relationship
between those slots as expresselnglish. P#erns are associated with the M@t
they reference and the MOP with which they are stored by lexical links.

These indexpatterns als@pecify lexicaland (implicitly) semanticconstraints. In
the example ofthe powering-up event, the wordsscribingthe actor MOP areequired
to be adjacent to the words “powers up”drder for the pattern to beecognized.
Patterns thusnplicitly encode syntactic features ofaagetlanguage. Concepspecified
within an indexpattern are further constrained filer restrictions specifiedvithin the
MOP towhichthe slot pertains. In the powering-apamplethe object in the pattern is

constrained to be some mechanical device (e.g., a system) capable of being powered up.
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7.2 Implementation of Index Patterns in INFOS

INFOS uses aimplified version ofthe MOP-basegarsing processnplemented
in systems such as FANSYSRather than parse into instances of MOP knowledge
structures tadentify cases, the procesmplemented INNFOS isonly concernedwith
linking from indexpatterns to &lassification. For future work, INFOShould use index
patterns to identify cases and then use those casesetonine a classificatiorHowever,
for purposes of amitial investigation, INFOS currently associateslassification rating
(suggested, not suggested) with each index pattern.

The index patternsimplemented INNFOS aresimilar to thoseimplemented in
FANSYS, except theyare notoverlaid ontop of a MOP hierarchy. However, index
patterns are indexed in WordNet. Tihdexpatterns consist of either conceptitains or
static lexical items. Inorder for amatch to be made between a sentence and a static
lexicalitem, the statidexical itemmust appeaverbatim inthe sentence. Fexample, if
an indexpattern consists of the statexical entry “up” then theword “up” must appear
in the text tomatch this entry. Additionallyall other entries in thandex patternmust
match in thesameorder as the target text for an entinéex pattern to activate. The
ordering constraint ofndex patterns preservesyntactical constructs present in the
English language. Note thagxical entries neednot be words;they may also be
punctuation or other symbols.

In addition to the statitexical items, indexpatterns also consist of conceptual
items. Conceptual itemare simply concepts or abstractions. A concept from a text
article matches a conceptual item fromiragex pattern if the texarticle’s concept falls
under thesamecategory as thmdexpattern’s concept. The categoricahtch is positive

if at least one sense of thElexpattern’s concept is an abstraction of at least one sense of
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the textarticle’sconcept. As aexample, considghe WordNet concepts for “actor” and

“mechanic” defined below:

actor, histrion, player, thespian, role player
=> performer, performing artist
=> entertainer
=> person, individual, someone, mortal, human, soul

=> |ife form, organism, being, living thing
=> entity

=> causal agent, cause, causal agency
=> entity

machinist, mechanic, shop mechanic
=> craftsman, artisan, journeyman, artificer
=> skilled worker, trained worker
=> worker
=> person, individual, someone, mortal, human, soul

=> life form, organism, being, living thing
=> entity

=> causal agent, cause, causal agency
=> entity

Both WordNet concepts may be represented hierarchically as shown in figure 25:

entity

| life form, organism, being, living thing | | causal agent, cause, causal agency

| person, individual, someone, mortal, human, soul |

entertainer worker

|performer, performing artist | skilled worker, trained worker

|actor, histrion, player, thespian, role player | craftsman, artisan, journeyman, artificer|

| machinist, mechanic, shop mechanic|

Figure 25: Partial WordNet Memory Hierarchy for “actor” and “mechanic”

In figure 25, if the concept fokperson>is a conceptual item in andex pattern,
then any concept below the node representing person will mp&kon> Forexample,

text containing the words *“actor”, “mechanic”, “worker”, or “performer” are all
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considered matches witkperson> since the node representingperson> is an
abstraction of the nodes representatigof these words. However, tegbntaining the
words“life form” is not considered a match witkperson> sincelife form’s node is an
abstraction of<person>, not vice versa. Similarly, the index pattern containing the
conceptual itenkentertainer> matchegext containingthe words “performer” or “artist”
since <entertainer> is an abstraction of these concepts, but doeet match text
containing the word “mechanic” since the mechanic node is a cousamt#rtainer>, not
a child or specialization.

By defining indexpatterns with conceptuaems andstatic lexical items, index
patterns can be creatatiat match both broad concepts and exémtical tokens.
Additionally, the order inwhich concepts must appear restricts matchesspecific
syntacticstructures.  Thesyntactic restriction alssupportsdisambiguation ofword
senses and lowers tpeobability of false matchder articles. Theprobability of a single
incorrectly disambiguatedvord sensemay be highand result in the retrieval of an
irrelevant case. Howevethe probability of incorrectly disambiguatedord senses
appearing in theame sequence as an ingattern is low. Consequently, very few index
patterns will be incorrectly activated and retrieval precision via index patterns will be high.

Despite the power ofndex patterns, care must be taken Hwt they are
constructed correctly. A haphazard usayenter thandexpattern{ <actor> “powers”
“up” <object>} when he really intends tenter thandex pattern{ <person> “powers”
“up” <object> }. While these patternsnay be acepted incolloquial English to
represent the event of a person powering an object on, the difference between an actor and
a person in WordNet significant. InWordNet, the concept for actorspecified to the
level of a role-player or thespianwhile the concept for person is @uch higher
abstraction representiradl types of people. Consequentlylessthe creator of the index

patternwishes torestrict the actor teheatrical characters, the former pattern is incorrect
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and a pattern closer to the latsrould be employéd Sincecare and knowledge of
WordNet isnecessary ta@reate propeindex patterns, the use ohdex patterns for a
general populatiomay be limited. However, patterns are ndifficult to create once the
WordNet hierarchy isunderstood. Understanding WordNet will bdacilitated by
improved methods twisualize and browse the WordNdtierarchy. Additionally, Al
techniqueghatmodel user’s intentions and referenmogex patterns againgtommonsense
knowledge can help make index pattern creation more practical for use by a layman.
Figure 26 depicts thenapping of inputtext into theindex pattern{ <person>
<search> <help> }. If the user is nointerested in reading articles wheaathors are
askingfor help about a particulaproblem then thigpattern could be associatedth a
rejected classification. In this example, the article text contains the sentence “my employer
is looking for assistance...Since “employer” is a specialization gperson>, “looking”
is a specialization ofsearch>, “assistance” is a specialization<fielp>, andall of these
components match in tlsameorderspecified inthe indexpattern, then thendex pattern

is activated and used to classify the text.

2Actor” actually contains two senses in wordnet, one as the theatrical performer and the other as a type
of worker. However, both senses are specializations indexed under the concept for “person.”
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Figure 26: Activation of Index Pattern.
The patter{ <person> <search> <help> }is activated by the teXemployer is looking
for assistancesince “employer” is indexed undeperson>, “looking” isndexed under
<search> and “assistance”irdlexed under <help> in the same sequeri€achindex
pattern is also associatedth a classification. The classifications of activated patterns
are used to classify input text articles.

7.3 Experimental Results - Information Filtering via Index Patterns

Due totime constraints anthe requirementhat users bé&nowledgeableabout
WordNet's structure, index patterns were imgplemented irthe version of INFOSested
by users. However, preliminary experimenivas conducted texaminethe effectiveness
of indexpatterns foinformation filtering. In thisstudy, 47 consecutivelgostedarticles
from the comp.ai newsgroup were selecte8pecificconcepts were selected as targets
for positive retrieval (articles the usetishes tosee) and others selected tasgets for
negative retrieval (articles the usswes notwish to see). All 47 articles were read and
classified bythe author. The author-judgedassifications served athe correct
classifications that the system attempted to match.

The theme selected fdittering was the concept of aactorgetting some type of

object. Two concepts were selected for positive retrieval,atieofretrieving orfinding
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information andhe act of gettingome type of system. Tledex patternamplemented
to represent these concepts are:

{ <person> <get> <information> => suggested}

{ <person> <search> <information> => suggested}

{ <person> <get> <system> => suggested}

{ <person> <search> <system> => suggested}

The concepts selected for negative retrievaljlering, includedthe concepts of
searching for a location, searching foperson, andearching for a message (such as
help). The index patterns implemented to represent these concepts are:

{ <person> <get> <location> => not suggested}

{ <person> <search> <location> => not suggested}

{ <person> <get> <person> => not suggested}

{ <person> <search> <person> => not suggested}

{ <person> <get> <communication> => not suggested}

{ <person> <search> <communication> => not suggested}

To performfiltering with indexpatternsall articles weranitially given a weight of
0. Each time a positiviadex pattern was triggered, the respectaréicle’s weight was
incremented. Similarly, each time aegative indexpattern was triggered, threspective
article’s weight was decremented. This schemm@binesthe index patterns in asimple,
linear manner. Ithe end, thosarticles with a positive weight werdassified positively,
and those with a negative weight classified negatively.

As a benchmark, filteringras also performed using keywordencepts alone, and
a hybridkeyword/concept-alone method. The concept-alone methddnscal to the
index patternscheme, except pattern was considered toatch with a sentencieom
articletext aslong asall the concepts in the pattern matclsedhewherevith concepts in
the article’s sentence. Ionther words,syntax andpattern order was ignored, as in the

case-based scheme.
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The keyword method attached ambivalent weight téhe words “get search look
find”, a positive weight to thevords“information system knowledgerogram work paper
research”, and a negative weight to terds“location direction persogommunication
message help assistance aid.” Articles containing substringjsesé keywords were
linearly updated with the respective weigrdlue. Afterthe entire article wasatched
with keywords, articles with a positive weight welassified positivelyand thosewith a
negative weight werelassified negatively. Finally, the keyword / concept-alorte/brid
method appliedthe keyword scheme first, and if no matches were found, then the
classification result of the concept-alone scheme was used.

The results applying the keyword method, concept-alone methddgbrid
keyword/concept-alone method, and theéex pattern method tanformation filtering of
the 47 articles is shown in tabl2. Overall, the human judge identified 25 dahe 47
articles to be relevant to thargetsearch patterns. Of these articles, tHide indicates
the percentage of articles correctly and incorredtgsified by eacimethod. These two
percentages daot add up to 1009%incethe contribution ofirrelevant articles is not
displayed. Irrelevant articlegedefined as articles that shouidt beretrievednegatively
nor positively. The table also decomposiesoverall incorrectlassificationrate into the
number of false classificationand the number of missed classifications. False
classificationsare defined as positive or negative classifications madehégystemthat
are incorrect. In other words, thdicle was actuallglassifiedopposite the prediction or
was deemed irrelevant.  Missethssificationsare defined as articleshat thesystem

deemed irrelevant but were classified positively or negatively by the human judge.
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Classification Percentage| Percentage | Number of Number of
Method Classified | Classified False Missed
Correctly Incorrectly | Classifications | Classifications
Keyword 52 23 3 8
Concept Alone 40 42 17 3
Keyword / Concept 60 34 13 3
Index Patterns 80 17 5 3

Table 12 : Comparison of Keyword, Concept Alone,
Hybrid, and Index Pattern methods for filtering the “<actor> get <object>" concept.

Table 12 indicateghat theindex pattern methodclearly performed the best,
correctlyclassifying80% of thearticles. The concept alone scheme performed the worst
and also had theighesterror rate. The error comesprimarily from the number offalse
classifications. Théalse classification hitate occurs due to the incorrelisambiguation
of word senses; as a result, INFOS incorreatlgssifies irrelevantarticles asbeing
relevant. The oppositproblem appears fothe keyword method. In the keyword
method, theadentification of precise keyword$oes notsuffer from incorrect senses as
much ashe concept-alonschemeput doessuffer from beingoo precise. Articleghat
should be retrieved amissed sincé&eywords,not concepts, arbeingcompared. The
hybrid scheme improves updime concept-alone and keyword methods, but ataisé of
higher error carried over from the concept-alone scheme.

The erroranade bytheindex pattern scheme amimarily due to anaphora in the
articletext. Theindex patternschemedoes notlisambiguatiorpronouns. Consequently,
articles containing sentences like “I am looking forvitfl not trigger theindex patterns
since the word it is not disambiguated agalling under one of thendex pattern’s
conceptual categories. In orderdisambiguatgronouns and btdr understand th@put

text, higher level semantiknowledge such as scripts, plans, and gagdsrequired. The

incorporation of this knowledge into INFOS remains an area of future work.
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7.4 Chapter Summary

This chapter has described partial parsing index patterns as a method to

increase performance. The highlights of this scheme include:

« Creation of index patterns tomap stereotypical uses of languagato their
corresponding concepts and classifications. Index patteraei@med as sequences of

WordNet concepts.

« Experiments using indegatterns forclassificationresulted in an accuraagte near
80% while the keyword and conceptual method resulted in an accuaéeyof 60%.
The index pattern methodclearly outperforms Paice’slisambiguation algorithm

employed in the case-based reasoning section.

« Although index patterns result in a higher classificatatethan Paice’s algorithm, the
patterns must currently be created by hand and require knowledferdNet that
may bebeyondthe casualuser. In contrasRaice’s method is automatic and requires

no user intervention.



110

8. Previous and Related Work

A large amount ofwork has been performed in information retrieval, and just
recently attention has been focused information filtering. To create anintelligent
information filter,threemajor issues must be addressdd: A means to moddhe user’s
goals, actions, expertise, interests, or behayr,A method to extrackey defining
features fromthe input articletext or understand the content of theicle, and(3) A
method toclassifythe inputtext based on theefining features from the usenodel and
inputtext. Thefollowing sections describe previoumrk thatinvolvesthese issues, and

then examines some complete information filtering systems.

8.1 Prior Work - User Modeling

An intelligent news filter must be able to distinguEtween articlethat arelikely
to be of interest to the user and thdkat arelikely to be of little interest. This
demarcation is highly dependent upon the personal preferences of eadhargxample,
a user may be interestedailharticles pertaining to a particular topadl, articlesposted by
another user, or any combination of thesetber features While asystem could be hard
coded to recognize certain features, sudysdem would lose itatility as user interests
change. A mordexible system must be capable of adaptvgrtime to recognize new
features.

Several methods tamplementadaptive usemodels are surveyed by Norcio
(1991). Early approaches relied upon stereotyping techniques where arseesked
guestions and each user is placed into an appropriate category (Rich, 1979). However,
this technique requires considerable user effort and osgreot know theanswerghat

will benefit thenmost. Morepowerful and useful techniques focus upessifying the
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expertise andhdividual differences of eachiser (Rouse, 1989). However, expertise and
differencesare notwell-defined; consequently\orcio believesthat fuzzy systems are
appropriate structures tonodel users accurately. Althougivork is still under
development, Norcio’s goal is tdefine fuzzy logic that models dynamic systems and
human behavior found ithe real-world. One approach is define categories ofuzzy
users. Fuzzy user categorieay beused forclassifyinguser expertise; fagxample, in an
intelligenttutoring system, a fuzzgtudentmodel couldadapt thesystem tathe progress

of a student.

Neural networks provide another solution to adaptive wsedeling (Maren,
1991). Maren first describdbe challenges of Human-Computbeteraction. Adaptive
models will be necessafgr moreeffectivecontrol tasks, tutoringystems, or information
retrieval systems. Howeverery few systems currently allofer adaptivemodelsdue to
the complexity ofthe task and thaovelty of new technologies such as neuetivorks.
While learning-style methods afsermodelingshow some promise (Kolb & Fry, 1975), a
computersystemmay be difficult to implemenand establistempirical support forthese
methods. However, Maren argudsat the properties ofieural networks show the
greatestpromise in the area of adaptable user mod8&lslf-organizing neurahetworks
(Kohonen, 1989)allow for the automaticreflection of user characteristics and
backpropagation networks arapable of generalizing tmapture abstracjualities such as
attention (Maren 1990)All neuralnetworktechniques can be used with incomplete or
noisy data.

Additional work with neuralnetwork usemodeling has been investigated by Chen
and Norcio in the UM-nesystem (Chen &orcio, 1991)which generates descriptions
about software tools. Thedescriptions arstored in a hi@rchicaldatabase where each
subframe is a specialization thfe parenframe. Consequentlyhe depth of the database
determinesthe degree ofletail while the breadthdeterminesthe type ofinformation

retrieved. Both of these parameters are controlled by a user model neural network.
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A techniquesimilar to neural network training isthe use of competitive agents
(Baclace, 1992). In thigpproach, agents asensitive to domain features and become
active when these features aris¢hia input. Each agentilivfavor some input article, and
compete with each other through an economic model. The prediction of an article “costs”
each agentwhile agents arépaid” depending orhow well they predict the user’s rating
of thatarticle. As thesystem is usedver time, the user’s preferred agents will paid

well, while non-preferred agents will lose their capital and be deleted.

8.2 Prior Work - Feature Extraction from Article Text

Before a news articlenay be intelligentlyprocessed, the article musitst be
understood to some degree by #ystem. For information filtering, incoming articles
must be understoodell enough so that the contezgn be compared with the useodel
to determine if there is a matchTypically, understanding is demonstrated by the
extraction of key features fromhme text, or byproviding a summary dthe article. The
easiest and most direct method of feature extraction is simply to pull keywords or tokens
from the text thamatch a predefinedet of wordsdescribing a user’s intereqiSoltz &
Dumais,1992) or simply to usall of the words in the inpudrticle as features (Eberts,
1991; Jennings & Higuchi, 1992). Often, the words are first passed through a stemmer and
a stoplist. While the keyword approacbombined with stemming aostop lists can be
effective, it is difficult to predefinall relevant keywordshat mayoccur in a text, or text
may beworded in a manner that does moatch a keyword. Additionally, since this
system has no semantic information, synonyms or similar concepts suchvasdbtcar”
and “automobile” are treated as separate entities.

One solution to this problem is a statistiegproach, such as LateSemantic
Indexing (LSI), which captures the associations between words and phoagesd the

pairwise independence assumption (Foltz & Dumais,2l9Ratent Semantic Indexing
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assumeshatsome “latent’structureexists inword usagevithin documents, anthatthis
structuremay be statistically approximated. [IbSI, a word bydocument matrix is
decomposed into 100 to 300 orthogonal factors that are usedebodocuments. These
documents (and queries) are represented as continatues along each dfie indexing
dimensions. Thisapproachallows deepersemantic meaning to beaptured than is
possible from a surface featuaralysisand even if a document and query havevoods
in common, the document may be retrieved.

Recently,other statistical approaches have been advocated by ndamghage
researchers such as Charn{@ak93). Charnialdescribes chart parsers apmbabilistic
grammars to perforrthe tasks of textinderstanding and prediction. Insenilar vein,
Paice has experimented with statistical approaches to genetates automatically for
the back of a book(Paice, 1989). In thiapproachstatistically significant noun phrases
are extracted for use as booldices. A similarapproach is used in INFOS and is
explained in further detail in section 5.

More robust approaches to feature extraction haen lexplored in detawithin
the field of natural language processing. These approaches incorgdorgiestic,
connectionist, statistical, or knowledge-based methods of processing (Get9@d),
Most of the work inthis area hasoncentrated on knowledge-based methods, although
statistical and connectionist approaches have recently receivecatteorton. Thamain
advantage of a symbolic, knowledge-based approach is that theexpistunderstood as
a human might understand the text, allowing for many possibilities (Ram, 1992).

One of the earliest knowledge-based approaches to news story understanding is
the FRUMP (FasReading Understanding and MemdPyogram)system developed by
DeJdong (1982). FRUMP gvendirect input fromUPI news wire stories, processes the
story, and provides aummary ofthe article. Although FRUMP wasot designed to

perform news filtering, it actually addressesmare difficult problem - that of story
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understanding. If stories can brderstood, then togethetth a user modelfjltering is
made much easier.

The keydata structure in FRUMP is the script; scripts captereotypical
knowledge about the worldOnce a script has been recognizetjlicit information may
then beeasily inferred. For example,the political demonstration script predicthat
demonstrators arrive, march, police arrive, and there may be arrests. If thiextplaes
not explicitly stateall this information, FRUMP is able tiafer likely possibilities. Scripts
effectively act as top-down predictorgyhile a substantiator moduleerifies low-level
story details. The appropriate scripts act recognized by keywords but rather by the
meaning ofphrases. Once a script has been recognikedstory is processed in terms of
conceptual dependency primitive actions and may then be summarized.

While FRUMP has been a successful program capaldealing withunrestricted
textual input, it does havemany limitations. A large amount oivork must be done
defining the lexicon and script knowledge. A more serious problématiany stories that
are not covered by script cannot be understoodConsequently, truly novel stories or
stories that combine many scripts may not be processed.

A more recent work thatlso performs script basdéarning tounderstand and
retrieve Usenet news articlesNauldin’s FERRETsystem (Mauldin, 1991). IRerret, a
query andtext articles are parsed into Schank’'s Concep@pendency(CD) theory
(Schank, 1977). Intended to be an unambiguous representation for knowledgexbnce
has been parsed into a CD representation, conceptual comparison is simply a matter of
comparing slots antilers for different values. Statemertisat areexpressedlifferently
in English but areconceptually identical il parse intoidentical CD structures. In
Ferret, inputnews articles and a search query atgarsed into CD. Themredefined
scripts are compared to the news articles. As in FRUMP, the scripts represent

stereotypical sequences of events and information. Articésnatch thedefined scripts
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may then be disambiguated witthe script, classified interms of their content, and
matched with the query.

The novel features irFerret include an online dictionary to augment the
understanding process and scriparning through genetic algorithms.  Thenline
dictionary is used tohelp determinepart-of-speech andther word attributes to
supplementthe parsingprocess. Thedditional knowledge supplied ke dictionary
removes some of the brittlenemscompanied with knowledge based systémasrequire
large amounts of commonsense knowledge (which must be input by humans). Script
learning is accomplishethrough a genetic algorithm. Parent scripts are selected and
mated to produceoffspring scriptsthat are moregeneral (improves recall), more
specialized (improves precision), oare combinations of the parents (supports
exploration). The offspring scripthat performwell are keptand the process repeated.
Performance of FERREWithin an astronomynewsgroup exceeded keyword retrieval
techniques by 15%.

A more recent knowledge-based approach to textual feature extractidedras
implemented irnthe FANSY Ssystem (Alvaradeet. al., 1993; Alvarado &Vock, 1995).
FANSYS is designed to understarfidilure description manuals regardinbe Data
Management System (DMS) BMASA’s SpaceStation Freedom and perfomiragnosis or
answer questions; recently FANSYS has also been appli¢bet@ilure diagnosis in
anotherdomain,the Kuiper Airborne Observatory. In FANSYS, comprehension of input
text and questions is performed usitlte case-basegdarsing techniques provided by
DMAP, a Direct Memory AccesBarser (Riesbeck & Martin, 1986; Riesbeck & Schank,
1989). In DMAP, parsing is viewed as a recognition process, i.e., the goal of the parser is
to determine which memosstructures best organize the input based upon what the parser
has already been exposted Inreading the caseéescribing a gateway failurthe parser
will automatically findmany ofthe other case representationkat already seen and use

them to helpunderstand the new input. Thatput ofsuch a parser is theet ofmemory
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structures that have beesferenced in the understanding of a rtewt (such agpart of
someother case), thaew structures added taemory duringthe parse, and theet of
expectations about what will Is=en next based on what was jiesid. This output is
then used to retrieve relevant cases for failure diagnosis.

In addition to FANSYSwhich uses case-based reasoning falure diagnosis,
case-based reasoning has been shown to kasialéand usefuapproach for news story
classification and retrieval. Masasdowed thaincreased recall precision wesrrelated
with an increase in the database size (Masand, 1993). In Masan#;,slocuments were
classified using aearest-neighbor approach for matching termsinéllar approach, but
augmented using an Ahesaurus, has beemplemented inthe CLARIT system for
document indexing. In their system, noun phrases are extracted with a parser and used to
index text. Their results indicatehat sometimes full-text articles can automatically be
indexed better than humans. (Evatsal., 1991). Thevork in this project incorporates
case-based and automatic indexing techniques to filter information.

Another recent knowledge-based approach text processing hasbeen
implemented inthe SCISORsystem (Jacobs &au, 1990). SCISOR is designed to
procesdinancial news stories regardingorporatemergers and acquisitions from an on-
line news service aneitract importaninformation into astructured formDrawing upon
previous approaches and operating upomuch larger scale than previous systems,
SCISOR’s integrated design includes a tgmalyzer filter along witlbottom-up andop-
down processing. Thdnitial filtering process attempts talassify input stories as
definitely relevant, unknown, odefinitely irrelevant to acorporate takeover. This is
accomplished by keywortiltering for pre specifiedwords such as “buy” or “merger”.
After the keyword phase, a pattemmatch is performed telassify the stories further.
Unknown stories are then subjected to a more rigol®usal and conceptuahnalysis,
incorporating bottom-up anwp-down processing. Theteraction between the bottom-

up andtop-down components are whdistinguish SCISOR from previous systems, as
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SCISOR is mucimoretightly integrated other approach&sch as FRUMP. The bottom-
up component takaadividual words andmaps them into a conceptual framework. The
top-down component takes the current conesplt generates further expectations. Both
of these componentgork in concert as text is parsed. Bgorporating both techniques,
the bottom-up componemian processinique or unexpected inptext, while the top-

down component can fill in missing gaps of implicit information.

8.3 Prior Work - Document Classification/Filtering Systéms

After a usermodel has beenonstructed andtey featuresextracted frominput
articles, an algorithm is necessary dlassify the articles. Typically, the classification
algorithmwill be closelyintegrated with the feature extraction method, although the two
components arenodularized in some systems (Jacobdr&u, 1990). Fomformation
filtering, the classifier wil simply be determining the interestlevel of a particular
document.

The original news readingprogram for Unix is RN, short fofRead News”.
Although simple, RNdoes contairprimitive support forfiltering. Upon user request, a
“KILL file” can be created thatutomatically discards messages from particaldhors.
This feature isuseful if a specific individual is flooding mewsgroup withannoying or
useless messages. Mositier popular newsreadessich agrn, ortin, alsosupportkKILL
files while providing additional functionality. Other popular newsreaders such as
Netscape’dNetscapenews browser or ForteAgenthave evolved to provide a graphical
user interface for greatly improved browsing and selectig,filtering is limited to

watching for threads and KILL files.

3Links to networked resources about information filtering is maintained by Doug Oard at
http://www.ee.umd.edu/medlab/filter/filter.html
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One of the predecessors to Rihich does contain a more robusttering
component is STRN. STRBAllows virtual newsgroups to lmeeatedirom a selection of
Usenet newsgroups, and also ranks articledilfering. However, thesystem is strictly
keyword driven based on subject agthor. Uporreading a message, the usegiigen
the opportunity to rank the artickumerically using angcale. Scoring is performed by
explicitly addingtext to thefilter with a score. Manual entry or editing is requirednless
the user isvilling to allow the entire subject line of an article to enter filher verbatim.
Finally, scoring is additive and lineafpr all matchingkeywords from an articléhat
matchwords in thefilter, the scores corresponding scoressanmmed. Articles with the
highestscore are ranked first, the lowest at botom. While useful, performancasing
this scheme is limited sincergquires éhigh amount of user interaction, requires users to
scoreconsistently, is undesirable whémere are competing keywordisat dfset each
other or when keywords have different meanings in different contexts.

More sophisticatechews systems includ®iloff and Lehnert’s text-skimming
approach toclassificationthrough the use oRelevancySignatures(Riloff & Lehnert,
1992). Thisapproach is inspired by trekimming capabilities exhibited by humans in
identifying texts relevant to @omain. In their system, input articles frahe MUC-3
domain are classified asterrorist or non-terrorisectivities. Therelevancy signature
algorithm first requires training upon @rpus of text tolearn a so called relevancy
signature. This signature consists of statisticsword/concepipairsthat are extracted
through a parser. These statistics indicateftbguency of relevantoncepts present
during trainingthat are then used later foassification. The successful precision of their
approach indicateshe feasibility of a fast skimmingalgorithm. Furthermore, the
automated approacscales up well tdarge corporaand may be easilyported to other
domains, in comast to hand-code&nowledge-based approachedhis approach has
recently been modified to include set of retrieved cases to perforcfassification,

achieving even better precision (Riloff, 1993).
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In contrast to Riloffand Lehnert’s classification schemes, Ram’s PIEgtem
processes text at a deepmrel to achieve a highelegree of understanding (Ram, 1992),
but at the cost ahcreased complexity. PIE&tempts tanodelthe goals and interests of
the user to guide thenformation filtering process. Based upopre-specified user
interests, parts of the parsed knowledge structamebe pruned away in a pre-processing
or post-processing phase. The central story processing phase incorporates standard
knowledge-based natural language processing techniques (DeJong, 1982).

Another approach to information filtering incorporates the use of rule-based agents
to model a user’s usagatterns (Stevens, 1992). In Stevens’ INFOSCGyEem pre-
definedagents are activataetkpending on terms frothme header or bodfyelds of news
messages. As the system is used over time, the agents will tn@fiteuency of textual
patterns that appear in theticlesthat are read.These terms ardisplayed in an editable
dialog box sahe user is lavays aware of whatfilters are active. Thes#Hltering agents
may then beeasily modified if dsired. Additionally, the agents are alscapable of
learning autonomously based uposer reaction to message$.or example, if a user
replies to a message or saves a message, the user i&ehostiterested in the content of
the message anthe agent can be updated to refldus interest. Collectively, these
agents alloINFOSCOPE users to create their owirtual newsgroups sthat Usenet
conforms to their personatructure, rather thaforcing them to conform to Usenet
structure. Finally, through a GUI, INFOSCOPInprovesthe task ofbrowsing many
messages by organizing messages through threads in a point-and-click interface. Although
user-friendly and effectivehe mainlimitation of the filtering component of INFOSCOPE
arises from the use of boolean logic and keywords as a central element of processing.

A system similar toINFOSCOPE has beemplemented bySheth (1994) but
incorporates a genetic algorithm on top of a keyword bfigexihg algorithm. In Sheth’'s
NewT system, agentare attuned to various keyworda a weighted score of keywords

and suggest whether articles should be read or ignored. Simetbnstion is toadd a
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genetic algorithm taontrol the agents to explore new newsgroinas the user iskely
to be interestedh. While userslike the system, it suffershe same problems agsther
keyword-based systems; usitite right keywords angtocabularyrather than concepts.
Additionally, the geneticalgorithm waslimited to exploring only differenhewsgroups
rather than concepts that agents may have learned.

Another keyword/rule-based nevitter has been implemented the Tapestry
system (Goldbergt. al, 192). Tapestrjhas itsown query language, TQL, somewhat
similar to SQL, which isused tospecify whattypes of information should be retrieved or
filtered. Consequently, Tapestry lthe power of dull database retrieval systebut it is
alsolimited by the vocabulary and keyword$hat are encoded into thmolean queries.

The major innovation in Tapestry tise support otollaborative filtering. Collaborative
filtering (often called social filtering) refers tbe collaboration ofmanyusers to aid in the
filtering process. This is accomplished by havingers annotate articles they are read.

This information is made public, and becomes an input for the text filter of other users. As
a result, other usersaydecide to read an article based upon the reaction of their peers;
e.g., user A may choose to read articles only examined by user B or user C.

Championed byhe MIT multimedialaboratory, collaborativéltering has recently
become a popular area of research. Collaborative systeffiiering mail, Usenet news,
and WWW documents are currently undervestigation (Brewer & Johnson, 1994;
Lashkariet. al., 1994). However, instead of requiriegplicit direction by auser to
determinehow collaborativefiltering is performed keyword features arautomatically
extracted from input articles and usedfiter incomingdata transparentlyResults from
these systems indicate that collaborative methods have all improved filtering performance.

Other popular keyword basesystemsfor News filtering include Wide Area
Information Servers (Kahle, 1991), and Wovidde Webservers (Berners-Leet. al.,

1992). These systems contain archives of newsgroups and an interface to perform



121

boolean search queries. One popular systetheiDejaNews news servicg Crowe,
1995) thatarchivesover 4gigabytes of newsdataand allows users to searfdr articles
based upon keywords in the subject or authadings. A sample searcould be
performed to look forall articles from a comp newsgroupat contain the words
“information” and “filtering”. Notethat these ar@assive search systemather than
active agent-based systentise user musexplicitly enter whatmaterial she wishes to
search for.Active filtering systems learmiser interests based upon user feedback and
suggest new messages for the user to browse.

One keyword systerthat also requires direct user instruction to perfdiltaring
but also providepersonalized filtering, iSIFT, the Stanfordnformation FilteringTool
(Yan & Garcia-Molina, 1994). SIFT is amail service; usergmail their profiles and
filtering requests to the server in a boolean format, and SIFTeffitliently search
through new articlethat match these requestssing an inverted index of profiles. An
inverted index is simply aeverseindex where theindicesare composed ahdividual
words,and thedata is dist of articlesthat containsthatindexword. Inthis manner, all
articles containing a specifiword can quickly befound. When keywordswithin news
articles are foundhat satisfythe query, these matching articles armailed tothe user.
In this fashionthe user camassivelywait for incoming articles ofnterest, rather than
actively checking on his drer own. While very convenient, SIFT ikmited to matching
keywords and does require users to formulate their own queries.

In addition to keyword and knowledge-based approaches to infornfdteoimg,
neural networksmay also be used talassify incomingarticles. Ebertexamines the
direct approach ofeeding raw words into a feedforward backpropagation network
(Eberts, 1991). Theutputunits indicate the category of the articl&@his approach is

limited to a shallowunderstanding of thext byrelatingtogetherall of the words present

4The DejaNews news service may be reached at http://www.dejanews.com.
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in the article. Furthermoresince allknowledge is captured in neuron weights, it is
extremely difficult for a user tomodify the model created of that usedirectly.
Experiments were conductegingthe header alone and the entire body oftéxt. In
their tests, the header alone was sufficient to classify articles correctly in most instances.
A larger scale neurahetwork news filtering system has been implemented by
Jennings and Higuchi (Jennings & Higuchi, 1991). Th@proach uses a userodel
semanticnetwork toidentify keywords and concepts. In thaystem, articleare read
and marked as rejected or accepted. At the completion of a session, these articles are then
examined byextracting thecommon features and a semant&twork is created.This
network is then compared to the useodel belief network, and nodes are added or
deleted as appropriate. The feature extraction process simply usiest tB@0 words of
the article as featuresliminating commonlyused words. Under treessumption that the
header andnitial paragraph are representative of #récle’s contents, andhat most
articles ardairly short,this approach igeasible. However, due to the structure ohaws
article, additional emphasis is placed on “Subject” or “From” header linesheA¢nd of
the extraction phase, st of up to 300 words are collected froeach article. These
words are then connected to each other in a network whose connection sirehcpless
the frequency ofthe appearance of the word€onsequentlyywords that ardrequently
associated in articles read by the us#lrbe strongly connected. The resultingtwork
comprises the usanodel neuralnetwork. Toclassify anew article, its features are
extracted in a similar manner and matching nodes in thensdglnetwork are activated.
Adjacent nodes are théfired” if their input energy isgreater than a thresholdlue.
Here, the energy is computed bymmingthe connection weight by thealue of the
neighboringnodes. The process is continueddeveral iterations, athich point the set
of active nodes isummed to determinehe ranking of interest othe article. Initial

experiments withthe system have indicated promise with th@pproach, and the
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construction of avell-designeduser interfacehat also supports keyword search further
increases the utility of the system.

In a similar vein,Lang has also experimented with neural network-based filters
through aWorld-Wide Web basedewsreader named NewsWeed@rang, 1994).
However, instead oflirectly predictingthe category of an article, Lang usedeural
network along with Singular Value DecompositigfgVD - a straightforwardinear
transformation) to reduce theriginal searchspace of the raw text into aew,
discrimination-denserepresentation. In Lang’s experiments, neumakworks were
capable of reducinghe search space arfahding relevant terms to predicivhich
newsgroup articles originated from with 75% accuracy.

While successful, Lang’s recemtork with NewsWeeder (Lang, 1995) focuses on
news filtering usinghe Minimum Description Length (MDL) principle. MDL provides a
probabilistic modelffor computing the modlikely hypothesis based upon Bayes’ Rule.
NewsWeeder assumes conditional independence athenterms or keywords parsed
from articles and uses these features to compute thelikebstating class, based on the
probability mixture of eachlierm for aspecific category and each term in thgbobal
distribution. In operation, users read thessages anmate each one from 1-5,kking of
interest and Soeing of disinterest. Articlesvere then decomposed into tokens, or
keywords. These tokemscludewords, punctuation, authors, or newsgroames. The
user feedback determined tlpeobabilities ofthe classes, and the tokesgpply the
evidence upon whicMDL can be performed tolassifyfuture articles. Lang founthat
NewsWeeder performed well, with a precision (relevant documents retrieved compared to
irrelevant documents) up t®5%, up to 20% better than the popular term-

frequency/inverse-document-frequency approach.

5 The NewsWeeder home page is http://anther.learning.cs.cmu.edu/ifhome.html
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8.4 Chapter Summary

This chapter has provided an overview ather systems whichperform user

modeling, featureextraction, or informatiorfiltering. The highlights of these systems

include:

+ Use of neural networks, competitive agents, and fuzzy categorization to model users.

« Feature extraction through latesemantic indexingand statistical techniques in

addition to knowledge-based techniques employing scripts and case-based reasoning.

« A description ofother information filtering systemshat arebased upon keywords,
collaborativedata,genetic algorithms, neuralketworks, theAN\WW, and probabilistic

models.
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0. Current Status and Future Work

The prototype of INFO®ias been implemented onSain Sparc 10 workstation
running SunOS 4.1.3and is comprised of approximately 150K of durce code.
Approximately 10 megabytes of free disk spaoe required for INFOS storadées, and
approximately 20 megabytes of disk space required tstore WordNet. Ateast 16
megabytes of RAM are required to run the system.

In addition to the SunOS versiogarly implementations dNFOS have alsbeen
ported to DECstations. Since WordNet is available on Unix,Macintosh, and PC
machines, a porting of the code is possible to all major platforms. Moreover, since INFOS
produces only textual output, the system can be run via modem or dumb terminal.

To download thesystem and viewhe datdiles used for theexperimentseported

in this thesis, direct your World Wide Web browser to::

http://phobos.cs.ucdavis.edu:8001/~mock/INFOS/infos.html

In terms of connectivity, INFOS runs as a neg#ent andconnects to any
standard NNTP News servatlowing access to news articles frartually any machine.
Futureversions of INFOSnay require thesystem to run as a serverreduce user wait
time or tooperate indifferent domains. The applications of INFOSth® domain of
WWW filtering and improvements to INFO®hich must beexamined inthe future are

described in this section.
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9.1 Application of Filtering Algorithms to the WWW

In addition to filtering newslocuments, thalgorithms implemented IINFOS are
also applicable tany domainwith a stream ofncomingdata; in particular, textual data.
An initial study has been performed apply the filtering techniques to World-Wide Web
(WWW) browsing. In this scenario, the goal igdentify web sitedikely to be ofinterest
based upon web sites the udes visited. Work in this area is currently under
investigation andhe results reported here analy preliminary. However, thepreliminary
results have been promising and indiditat themechanisms employed INFOS are

general enough to apply to other domains.

9.1.1 Background Information on the WWW

The size of the WorldvVide Web is constantlgrowing at an astoundinmgte. The
Lycos search servieestimates that the number\WWW pages hagrown from Smillion
to 6.89 million pages during the months of April to June of 1995, and will reactilibd
pages by 1996. Although searemginesare currently the most populdools for
navigating webspacehe largevolume of pages in existence also presentseacellent
area wherenformation filtering is applicable. By building up a profile user interests,
off-line searches caind new pagesikely to be ofinterest and bring them tbe attention
of the user. In contrast fonding information ofinterest filtering systemdor the WWW
may also be useéxclusively toreject information. Foexample, a rejection-basétler
may beused to censor th&/WW to preventchildren from accessingdult information.
Recent interest in rejection-baskiters hasgrown due to proposelggislation (such as

the Exon bill) that seeks to regulate the internet.

Shttp://www.lycos.com
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One of thefirst projects infiltering WWW documents is the WebHuntesystem
developed at the MIMedia Lab. WebHunter is based upon collaborafitering of
entire URL’s. Based upon a user’s own pages of inténdsth can be determined from
a user’s hot-list), other pages are recommended that othemuitesamilar interestshave
been interesteth. To date, userfeedback for WebHunter has been positive and the
system continues taun, although results on precision and accuracy nateet been
available.

One of thebenefits of collaborative filtering ithat semanticcontent,graphics,
audio, and animatethediaare all factors that contribute to thidtering processsince
people consideall of these features imaking recommendations. Additionally, WWW
documents can also be filtergth traditional keyword approaches by extracting textual
keywords from the web documents. The keyword approach is the nieiplechented in
the WebWatchesystem (Armstronget. al., 1995). In WebWatcher, users input words
definingthe goalgheyare looking for. Keywords are extractiedm the web documents
linked off the current page, and then these pageslassified withrespect to the goal.
When searchindor this goal,links that thesystem believes will lead tthe goal are
highlighted, aidinghe user imavigating webspace. Thearning methods employed to
compare web documents with the user’'s gaattuded a linear weighting deatures,
statistics ofindividual words,and thetf-idf technique. All techniquesvorked bettethan
random, and the lgar weightingmethod predicted the user-seleclie# in its top three

choices in 54% of experimental cases.

http://www.webhound.www.media.mit.edu/projects/webhound/doc/Webhound.html
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9.1.2 WWW Filtering with INFOS

To examine the potential of INFOS to filter WWW documents, 70 web pages were
selected at random from the YaRaatalog. Seven web-savvy volunteexsamined and
classifiedeach page as being ioiterest,ambivalent, or disinterest.INFOS was trained
upon 35 of the web pagesingthe Global Hill Climbing and CBR techniques, and then
tested upon theemaining 35nveb pages. The results are shown in tdBle Since there
are no authors or subjeetadingdor WWW documentspnly collaborativedataand the

features extracted from the body of each web page were used for filtering.

Classification Percentage Percentage Percentage

Method Classified Classified Classified
Correctly Unknown Incorrectly

Global Hill Climbing: 35.4 45.9 18.7

Textbody Alone

Global Hill Climbing: 32.7 60.3 7.0

Collaborative Alone

Global Hill Climbing: 41.2 42.7 16.0

Combined

Case-Based 37.0 49.7 13.3

Reasoning Alone

Combined CBR and 36.9 45.4 18.2

Global Hill Climbing

Table 13 : Filtering results of WWW Documents

The collaborative method resulted in the lowesbr rate at 7.@&nd acorrect
classificationrate of 33%. Sincethe collaborative method had the lowestor rate, the
combined Global HillClimbing method weighted collaborativeata 70%and textbody
features 30% to favor theollaborative method. Nevertheless, features from the textbody
introduced error in both thiell climbing and CBR schemes. Tlegror may likely come

from thelack of data. Training upon 35 web documents selected at random rindirans

8http://www.yahoo.com



129

does nofprovide an accurateample ofotherweb pages. Consequently, useray need
to directly edit their models axamine manynore documents iarder tosearch the web
space accurately. Nevertheless, using just 38gali methods daclassify beter than
random (32% correct but 30% error).

The collaborative method alone appears the mposinising for this domain.
Since it is difficultfor a single user texamine manyveb pages, the collaboratigeheme
effectively splitsthe work byhaving manyusersexamineportions of the web space for
eachother. Furthermore, theroliferation of audio and graphical featurestbe WWW
are notindexed usinghe keyword schemes. Consequently, an important aspeatiof
web page is lost in the keyword model. Futwark in indexing non-textual data may

significantly improve filtering performance.

9.2 Future Work and Implementation Considerations

In addition to the application of INFOS to WWW filtering, a large amoumtark
still needs to be done upon thasic algorithms ofNFOS and theapplication of INFOS
to otherdomains. Rather than focus on speed effidiency, the existing version of
INFOS has been designed agratotype to test theleas presented in this thesis. For
example, linked lists and arrajata structures are used tbeir simplicity, while amore
complex hash table implementation wédlduce search to constdime rather tharinear
or logarithmic. Similarly, memory-consuming arrayse used irseveral functions ifieu
of dynamic data structures that usanly the space required. In addition to these
implementation issuesiser interface andesourceissues also need to be addressed to
make INFOSusable in practice.Moreover, conceptual processes suctplasning and
reasoningmay be implemented thetter understandnd classifyinput articles. Finally, in
addition to being applicable tdsenet news and th&WW, the algorithms and ideas

behind INFOS may also be applicable to Intelligent Tutoring Systems.
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9.2.1 Time Required for Filtering

A major issue withthe existing system ishat processing messages intte user
model and performinghe filtering process igelatively slow.  The bottleneck is the
WordNet lookup phaseWhile the global hill climbing schemeand memory retrieval is
fairly quick, each sentence takes between 1 to 10 seconds to process in Woritildet so
the wordsense hierarchies can be retrieved. Assalt, each message requiseywhere
between 20 to 300 seconds to proosken filtering orupdating the user modelThis
time wait is clearly unacceptable for users to endure.

Although a moreefficient implementation willspeed up processing, tloptimal
solution to this problem is to perforthe filter and update processesff-line. This is
simple to perform for the usenodelupdatesinceINFOS alreadystoresall of the read
messages in file. Currently, INFOS updates the useodel afterthe user quitseading
the selected newsgroup, but the update couldédieyed untilafter the user iginished
reading all messages. Additionally, the update can be performed as a background process.

To perform thefiltering processoff-line is slightly more complicatedince this
requires INFOS to run as a server, constanilyning inthe background. Ideally, at
periods of low CPU usage (such as lataight or early morningjhe system will filter
new news articles for each user. Tiltered articles will then be ready the morning for
users to peruseWhile this organization W dramaticallyreduce user wait time, usexsl
have the drawback adnly being able taeadfiltered articles after ampdatehas been
performed, or be forced to wait for the updatdinsh. As acompromise, if usergish
classification to proceed quickly, INFOS is currently capable of perforomniyghe global

hill climbing filtering scheme.
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9.2.2 User Interface

At a high level,the entire INFOSsystem can be consideremhe large user
interface. Thdiltering system adaptthe data into an organizati@asilymanaged by the
user, rather thaforcing the user adaptingimself tothe way raw data is organized. The
actual interface in INFOS is text-basemther thangraphical. The rationaleehind this
approach is the faster developménte and increased portabilitgcross avariety of
platforms. Moreover, a text-basederface allows easier accegsa modemswithout the
need for SLIP or PPP.

Nevertheless, graphical user interfaces do allow data to be displayed, browsed, and
edited moreefficiently. In particular, color, fonstyles, graphical depiction of links, and
control over textlayout adds additiongbower to thebrowsing process. The use of
graphics also allowsor new ways of representinglata; forexample, articles can be
represented by icons or spheres, wheresize ofthe spherandicatesthe size of the
article, and the color coulthdicate content orfiltering suggestions. To create amen
more flexible and usable systenthe filtering techniques employed INFOS should be

combined with a graphical user interface.

9.2.3 Client-Server vs. Peer-to-Peer Communications

The current architecture of INFOSdgsigned under a client-server architecture.
Each usemayrun INFOS on a differennhachine but if they wish toshare collaborative
data,all users must share tisamefile system. A moreédeal systenwould run in a peer-
to-peerfashion sahat usergan run on separafie system andgeparatenachines. Each
user could then run on distinahachinesand specify other users thathey wish to
communicate with imrder toexchange collaborativeata. This will require eacluser to

run a daemon ttandle communicationgut this could be performedasily through a
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WWW server. In the event that other servers are dowmnaacessible, caching
techniques can suppliemporary data. Agprocessingpower becomes moreeadily
available to individualusers, peer-to-pe@ommunications will become more popular

since network traffic bottlenecks are avoided and CPU power is more efficiently utilized.

9.2.4 Self-Modifying Parameters

Throughout theexperimentonducted irthis work, theweighting of parameters
was determined by determinirexperimentallyhow well individual methods performed
(e.g., authomlone,text alone, collaborative alonetc.) and thencombiningthe features
so that the mogiredictive and accurate ones carried the most weilhis process could
be automated if INFOS tested uppreviouslyread articlesisingthe individual methods
and then updated the weights to reflect the most accurate method. Irhéfffeirhbing
is being performed othe parameterthemselves. As a result, INFOS users would be
guaranteed that the current setwafights accurately reflects the featutkat are most
predictive for them. Theost of theself-modifyingapproach is an increasetire amount

of computation that must be performed, but the computation could be performed off-line.

9.2.5 Scripts, Plans, and Goals to Improve Understanding

As described in chapter 7 regarding knowledge understanding, the incorporation of
scripts, plans, and goals (Schank, 1977) is the next tetgprds a morecomplete
understanding of input articles. The use of WordNet in INFOS ir¢hestep towards
this knowledge since WordNet facilitates bottom-up indexing. Based upometin@ng of
a word, thes&nowledge structures can belexed. Howeverthe actual structures and
the top-downmechanismsthat govern how the structurdg together are not yet

implemented in INFOS.
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Scripts have already been demonstrated in Ferret (Mauldin, 1991) to be effective in
understanding news stories. In addition to scripts, plans need to be represented in order to
understand novel articles that dot fall within the domain of scripts. Given agoal,
planningattempts tdink togetherchains of reasoning sihat the goatan be achieved.

This type ofplanningknowledge is necessary to understéiadv andwhy anauthor is
piecingtogetherinformation in an article. In addition to understandnayv articles are
fit togetherplans and goals can also lged in the user model. If INFOS can understand
a user’s goal (e.gfinding all articles relating tdhe Bosnian-Serb conflictplans can be

executed to meet that goal (search appropriate newsgroups or WWW sites).

To reason with scripts, plans, and goals requires a large amocmiaionsense
knowledge. Knowledge is required to patsats, createplans, and make inferences.
Traditionally,the commonsense knowledge problem has hberbottleneck thgirevents
knowledge based systems from becoming practical applications. Manual infhgemas
the only efficient method of entering commonsense knowledge, and itnem@umental
task to enter enough knowledge fosystem to be usefuINFOS sidesteps thigroblem
by performing partial understanding and by linking understanding with keyword systems.

One possible solution tthe knowledgeproblem isthe CYC knowledgebase
(Lenat, 1995). CYC is a large knowledge base contairapgroximately 16
commonsense axiontbBat have been painstakingly built by haader the past tegears.
With access to this large database of knowledgeait bepossible togenerate accurate
goals, plans, and inferences. General parsers canptemented, models of domains
created, and general textual artialeslerstood.Although CYC isstill under construction
and itsavailability is limited to commerciafjroups, CYCapplicationsare now in the
prototype stage.Currently, CYC appears to be the Abmmunity’sbest hope for a
general semantic backbone that can be tmeidformation filtering and a large variety of

other applications.
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9.2.6 Subjective Comprehension of Input Articles

There arananydifferent types of Usenet news articles. Informatisssemination
is one popular type of article. Articles in this class deal with postibgst currenevents
or notifications regarding a new event or servi€her types of articlesclude calls for
help and advice. These types of narrative articles canderstoodiia scripts, goals and
plans. However, one of the most prevalent types of Usenet attieess difficult to
understand through scripts, plans, or goals itimementary When auser is posting an
article, the user igypically giving his orher opinionabout the topic ahand. To
understand editorial articldslly requires knowledge about what the authatisgsussing
in addition to knowledgeabout howeditorial arguments areonstructed (Alvarado,
1990).

Comprehension of inpuext for news filteringmust also beanfluenced by the
ideological perspectiv€Carbonell, 1981) that theystemmay haveabout agiven domain.
Thatis, the system musattempt to understand newsticles and relate their conceptual
content to the user’seliefsand justificationgnvolving related and/osimilar articles. If
INFOS reads descriptiortBat areinconsistent with thenodel it hasconstructed for the
user’s beliefs, then INFOS must be able to recognize and use the inconsistency as a feature
to classifyingarticles. Depending upon user preferences, a msgr beinterested in
articles that support héeliefs oralso articleghat attack hebeliefs. Inorder to account
for this process ofsubjective comprehension, INFOS must develop an idedlmgthe
user aswell as strategies fordetermining inconsistencies betwekeliefs in bng-term
memory and input text. Processes for tracking counterarguments will also be necessary to
understand howmessage threads of editoriakplies are constructed. These
counterargument strategies should be based onatbament-planning knowledge

underlying the taxonomy of argument units proposed by Alvarado (1990).
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9.2.7 Filtering and Intelligent Tutoring Systems

In the domain of IntelligentTutoring SystemgITS), a crucial componenthat
must be addressed is a modelhaf student’s knowledge and behavidihis model must
be flexibleenough to accommodate changing interest or behavittreo$tudents. The
problem of modeling astudent’schanging interests andewly acquired knowledge is
similar to the problem of adapting to changingser interests for news reading.
Consequently, theame algorithms and modeling techniques applied to filtering systems
may also be applied to aliTS. The modéahg techniques currentlynder investigation
include learninghrough geneti@algorithms and feedback frothe student. The GA and
feedback is then used to guide future tutoring interactions.

Under construction as the prototypgstem “Shadow,the system is basedpon
INFOS (Mock & Vemuri, 1994) and the educatiorgstemGAITS (Quafafou, 1994). In
GAITS, supervised teaching techniques araployed wherethe teacherassigns a
pedagogical objective to eastudent before teachingegins. Inorder toachieve this
objective, thetutor interacts with the learnarsing predefined dialogues. Dialogues are
composed of ddeaderand aBody The Header containgrerequisite knowledgéhat
must be mastered by the student to consitiés dialogue as a candidatggught
knowledgethat comprises the actual lessonlearning leve] and alearning strategyto
present the lesson. The Body represents the teactategialsthat definethe type of the
interaction (e.g., exposition, question/answering, game, etc.).

Shadow’s interaction is based upon tutorayglesthat start byfiltering a set of
dialogues from the Dialogues Data Base. A dialogue passditahd its prerequisite
knowledge is satisfiedNext, Shadow predictehich candidate dialogue mostlikely to
be of interest, taking into account the studemtl, the current sub-goal, and the student’s

prior positive or negative feedback. At the end of a tutosegsion with this dialogue,
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the studentgives feedback whether arot the dialogue was effectivdaccepted or
rejected) and the studemiodel isupdated byncrementingaccepted or rejected counters
corresponding to théialogue’s knowledge. The feedback procesglestical to the
global hill climbing schemeimplemented inNINFOS. If necessary, new sub-goals are
defined and new dialogues filteredThe end of a tutoringycle corresponds to the
achievement of the pedagogical goal and the evolution of individuals used for prediction.

The studenmmodel contains a population ofdividuals, where anindividual is a
table containing taught knowledge, a learning level, a learning strategy, andther of
timesthe studenhas accepted and rejected this knowledgjeen apopulation of tables
of these tuples, Shadoamploys a genetic algorithm updine population tamaximize
individualswhose features received positive feedback. The genetic algoridmpleyed
since it has been shown to be effective in exploringfiathg globaloptima in complex
search spaces.

In addition to the use gjlobal hill climbing and genetic algorithms, collaborative
learningmay also help to seleappropriate teaching strategies whggnups of students
are learning a goal. Given a group of students and a set of lessons the students must learn,
not all students will learn best with the same strategy. Some stucknitsarn bestvhen
actively involved, wherthe material ispresented as a game, when simayght the
subject in a standard lecture presentation, etc.ex@yniningcollaborative teachindata,
students can bgrouped togethesiccording to those strategitgt are moseffective for
them to learn a lessorfor example, if students X and bothlearned a lesson well with
teaching strategy 1S and then student }earns a new lessomell with strategy $, then
strategy $ may also be an effective method to teach the lesson to student Y.

The ideas presented above for Shadogexperimental. Aprototype iscurrently
under construction to validate the methodology. However wegpimistic of Shadow’s

performance based upon promising results from both INFOS and GAITS.
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9.3 Chapter Summary

This chapter has provided an overvighe current status of INFO&pplications
of INFOS to theWWW, andfuture workwhich will increasethe powerandusability of

the system. The highlights of this work and improvements include:

« INFOS may be applicable to filter WWW documents. In an experiment with randomly
selected web pages, INFOS was capable of correletgifyingpages of interestith
33%accuracy and 7%rror using collaborative features. Thpplicability ofINFOS

to other domains indicates the generality of the algorithms implemented in INFOS.

« Work is ongoing to incorporate theeas in INFOS to selecting appropriate dialogues

for Intelligent Tutoring Systems.

« Future work isrequired to incorporate graphicaluser interfacesupport client-to-
client communications, automaticaliyodify weight parameters in thglobal hill
climbing model, incorporate scripts, plans, and goals to improve understanding, and

provide a model for the subjective comprehension of news articles.
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10. Conclusion

As theinformationage grows irscale, the amount aficomingdatabecomes too
large for humans to handle. The internet has been growing a tremeatiouSigabytes
of news articles flowthrough the internetlaily, and World Wide Welpagesnumber
around 10million. The central issue in this thesis addresses methods to model user
interests automatically so that thiata, Usenetews articles in particular, can be filtered
intelligently. However, in order to be asefultool, the usemodel must be capable of
adapting to user interests, articles mustdisplayed to give as much information as
possible so users cartelligently browse and select articles®ad, users must leapable
of modifying and understanding the userodel constructed for them, and theews
filtering system must give accurate predictions.

Previouswork to address theaformation filtering problem has examined either
keyword or knowledge-based approaches. Knowledge-lsyséeins havéhe advantage
of analyzinginput text in detail, but at thecost of computational complexity and the
difficulty of scaling up to mangomains or domains of large scale. cbmtrast statistical
and keyword approaches scalerapdily but arelimited to a shalloweunderstanding of
the input. Ahybrid systenthat integratesil of these approaches improves accuracy and
provides scalability along with domain knowledge. To validate tlsisim, the hybrid
approach has been implemented in the INFOS system.

The major contribution of this thediss inthe further exploration ahformation
filtering, currently a newiield thathas yet to bdully examined. In particular, this thesis
addresses issues user interfacespformation content, information retrieval, ahgbrid

methods for information filtering. The contributions are made in the following areas:
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This thesis has investigated user behavior with respect to browsing and reading
messages. This work shows that a large volume of articles causes readers to miss
many messages that they are interested in reading. In addition to information
overload, current browsers also present data in a poor manner, displaying only author
and subject data, but not data regarding the actual content of the message. This
evidence supports the need for an information filter and improved methods for
browsing news articles. Along with information filtering, INFOS displays the first line

of each text article and selected keywords to display some information about each

article’s content.

A hybrid filtering scheme composed of hill climbing, case-based reasoning, and genetic
algorithms is proposed to address both the information filtering problem and user-
interface issues. Experimental results show that the hybrid scheme performs better
than any of the individual methods alone, validating the use of hybrid techniques to

increase performance.

A keyword approach named Global Hill Climbing performed well for information
filtering, resulting in a correct classification rate of approximately 50% and an error
rate of 7%. A case-based approach based on WordNet performed slightly worse with
a correct classification rate of approximately 40% and an error rate of 10%. However,
the hybrid scheme combining both Global Hill Climbing and case-based reasoning
outperformed either method used alone, with approximately 60% of the articles
correctly classified. However, the disambiguation problem associated with the case-

based approach did increase the error rate of the hybrid scheme slightly to 12%.

Hybrid schemes for information filtering that combine genetic algorithms with the

global hill climbing scheme also outperform the global hill climbing method alone by
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up to 12%. The genetic algorithm helps INFOS create a user model that explores

other areas of the search space.

The hybrid scheme strikes a middle ground between keyword based techniques and
knowledge-based information retrieval techniques. This scheme allows INFOS to
scale up to large domains using keyword techniques while still retaining conceptual
indices and some degree of commonsense knowledge. Scalability has been
demonstrated by applying INFOS to several newsgroups without pre-defining specific

knowledge.

The incorporation of index patterns to recognize concepts at the phrase and sentence
level further increases performance over keyword and word-level filtering methods.
Experiments indicate that index patterns may result in as much as a 20% improvement
in accuracy. However, unlike the keyword and word-level methods, index patterns
must be created carefully by the user and requires knowledge about the architecture of

WordNet's knowledge base.

The case-based approach used for the information filtering engine is also applicable to
document retrieval. Through a hybrid approach, documents for the Time database

were retrieved with a 12% higher recall rate than the tf-idf method.

The filtering algorithm is applicable across a wide range of domains involving large
streams of textual data, including news filtering, tutoring systems, or World Wide Web
filtering. Collaborative filtering is particularly useful for WWW documents because
people incorporate visual and auditory features in their reviews while the text-based

algorithms do not.
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« Experimental results confirmed that collaborative filtering is a useful tool for
improving performance. In particular, datasets regarding new or unknown information

were filtered best using collaborative features.

At the core, the architecture of INFOS bhased upon thglobal hill climbing
keyword method using featuregtracted from the article subjeet,thor, textbody, and
collaborative results. Alone, this method results in a medsily modifiable bythe user
that performs at a lowerror rate. The keyword method is expanded by incorporating
automaticindexing techniquesoupled with thegeneral knowledge-base contained in
WordNet to extract noun angerb phrasendices of articles. These conceptuahdices
thenindexthe articles in a case-base@mory. The case-basaettemorygroups the cases
hierarchically in memory, to facilitate quiaase retrieval. Additionally, the herarchy
provides a framework for generalization anterencing. Prior casesact asguides for
categorizing new articles wheahe keyword methodails. Finally, agenetic algorithm
component is appliedcross usemodels to explorether areas thahay be ofinterest to
the user.

Through the use of hybrid techniques, this thesis presents and validates a novel and
more powerful approach taformation filteringthan has been previously explor&dith
the exception of thendex pattern methodall filters described in thisvork adapt touser
interests without the need fexplicit user programming. However, ather methods for
representing commonsense knowledge becawadlable, it may bepossiblefor index
patterns andther conceptual structures to be createtbmatically. Tools with this
amount of depth, poweandflexibility will be necessary to meéte rapidly changing and

demanding needs of users as the information age continues to grow.
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